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Streszczenie pracy

Zanieczyszczenie powietrza stanowi jedno z kluczowych zagrozen Srodowiskowych, szczegdl-
nie w krajach o wysokim poziomie uprzemystowienia i gestej zabudowie miejskiej. Skuteczne
prognozowanie stezen pytéw zawieszonych, zwtaszcza frakcji PM, s i PMyg, ma istotne zna-
czenie dla analiz stanu atmosfery oraz wspomagania dziatan podejmowanych przez instytucje
odpowiedzialne za zarzadzanie jakoscig powietrza.

W niniejszej pracy zaproponowano i zaimplementowano nowoczesne podej$cia oparte na
metodach gtebokiego uczenia. Wykorzystano rézne topologie sieci konwolucyjnych oraz autoen-
koderéw do prognozowania krétkoterminowych stezen zanieczyszczen powietrza. W badaniach
przyjeto podejscie czasowe, w ktérym prognozy krétkoterminowych stezen zanieczyszczen uzy-
skiwano na podstawie wartosci historycznych (ang. data-driven). Modele zostaty wytrenowane
i przetestowane na rzeczywistych danych pomiarowych pochodzacych z automatycznych stacji
monitoringu jakosci powietrza zlokalizowanych w réznych regionach Polski. Wykorzystano infor-
macje meteorologiczne oraz sezonowe, co pozwolifo na lepsze odwzorowanie zaleznosci miedzy
zmiennymi $rodowiskowymi. W badaniach potozono nacisk na ocene efektywnosci proponowa-
nych modeli w zréznicowanych warunkach Srodowiskowych Polski, co w literaturze $wiatowe;j
jest rzadko analizowane w tak szerokiej skali regionalne;j.

Uzyskane wyniki wykazaty, ze modele gtebokiego uczenia, zwtaszcza z architekturg konwo-
lucyjna, osiggajq lepsze parametry doktadnosci niz klasyczne podejscia statystyczne czy sieci
neuronowe o ptaskiej strukturze. Doktadno$¢ metod oceniono przy uzyciu standardowych miar
btedu (MAE, MSE, RMSE, R?) oraz testéw statystycznych. Analiza rezultatéw wykazata, ze
proponowane metody uzyskaty nizsze wartosci miar btedéw predykcji oraz wyzsze wartosci do-
pasowania R?. Analiza hipotez statystycznych réwniez potwierdzita przewage proponowanych
metod w odniesieniu do metod z literatury.

Przeprowadzone badania potwierdzaja zasadno$¢ wykorzystania metod gtebokiego uczenia
w zadaniu krétkoterminowego prognozowania jakosci powietrza w warunkach silnego zréznico-
wania przestrzennego. Zaproponowane podejscie umozliwia oceneg skutecznosci modeli progno-
stycznych w skali obejmujacej wiele lokalizacji o odmiennych uwarunkowaniach srodowiskowych,
co stanowi istotne rozszerzenie dotychczasowych badan prowadzonych najczesciej w ograniczo-
nych warunkach lokalnych. Uzyskane wyniki mozna uznaé za punkt wyjscia do dalszego rozwoju
zaproponowanych metod w kierunku bardziej ztozonych analiz czasowych oraz przestrzennych.
Jednym z mozliwych kierunkéw dalszego rozwoju jest rozszerzenie aspektu prognozowania do
podejscia czasowo-przestrzennego, w ktérym zaktada sie uwzglednienie informacji historycznych
z sasiednich stacji pomiarowych.



Abstract

Air pollution is an environmental threat, particularly in countries with a high level of industriali-
zation and dense urban development. Effective forecasting of particulate matter concentrations,
especially fractions PM; 5 and PMyy, is crucial for analyzing the state of the atmosphere and
supporting actions taken by institutions responsible for air quality management.

This dissertation proposes and implements modern approaches based on deep learning me-
thods. Various topologies of convolutional neural networks and autoencoders were used to
forecast short-term air pollutant concentrations. The research adopted a time-based approach,
in which forecasts of short-term pollutant concentrations were obtained based on historical
values (data-driven approach). The models were trained and tested on real-world measurement
data from automatic air quality monitoring stations located in various regions of Poland. Me-
teorological and seasonal information were used, allowing for a better representation of the
relationships between environmental variables. The study focused on assessing the effective-
ness of the proposed models under Poland’s diverse environmental conditions, which have rarely
been analyzed at such a broad regional scale in the existing literature.

The obtained results showed that deep learning models, especially those with a convolutional
architecture, achieve better accuracy parameters than classical statistical approaches or flat
neural networks. The accuracy of the methods was assessed using standard error measures
(MAE, MSE, RMSE, R2) and statistical tests. Analysis of the results showed that the proposed
methods achieved lower prediction error measures and higher goodness-of-fit values R2. Analysis
of the statistical hypotheses also confirmed the advantages of the proposed methods compared
to those from the literature.

The conducted research confirms the validity of using deep learning methods for short-term
air quality forecasting in conditions of strong spatial variation. The proposed approach enables
the assessment of the effectiveness of forecasting models on a scale encompassing multiple
locations with different environmental conditions, which represents a significant extension of
previous research, which was usually conducted in limited local conditions. The obtained results
can be considered a starting point for further development of the proposed methods towards
more complex temporal and spatial analyses. One possible direction for further development is
to expand the forecasting aspect to a temporal-spatial approach, which assumes the inclusion
of historical information from neighboring measurement stations.
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Wykaz skrotéw i oznaczen

Al sztuczna inteligencja

ANFIS adaptacyjny neuro-rozmyty system wnioskowania
ANN sztuczna sie¢ neuronowa

API indeks zanieczyszczenia powietrza

AQHI wskaznik zdrowia jakosci powietrza

AQI indeks jakosci powietrza

AR model autoregresyjny

ARIMA zintegrowany model autoregresyjno-Sredniej ruchome;j
ARMA model autoregresyjno-Sredniej ruchome;j

As arsen

BaP benzo(a)piren

Bi-LSTM dwukierunkowa dtuga pamiec krétkotrwata

CeHe benzen

CAE autoenkoder konwolucyjno-rekurencyjny

CAl kompleksowy indeks jakosci powietrza

CAQI powszechny wskaznik jakosci powietrza

Cd kadm

CEEMD kompletna zespotowa empiryczna dekompozycja trybéw
CNN konwolucyjna sie¢ neuronowa

co tlenek wegla(ll)

CO, tlenek wegla(1V)

CPM pyt gruby

DL uczenie gtebokie

DT drzewo decyzyjne

EAQ Europejski System Monitoringu Jakosci Powietrza
EEMD zestawowa dekompozycja empiryczna

EMD empiryczna dekompozycja sygnatu

ESN sie¢ neuronowa typu echo

FCN sie¢ w petni konwolucyjna

GAM modele addytywne

GB wzmochienie gradientowe

GCN grafowa sie¢ konwolucyjna

GIOS Gtéwny Inspektorat Ochrony Srodowiska



GRU bramkowa sie¢ rekurencyjna

HA autoenkoder hierarchiczny

IAQI indywidualny wskaznik jakosci powietrza

KAN sie¢ Kolmogorow-Arnold

LMM liniowy model mieszany

LR regresja liniowa

LSTM dtuga pamieé krétkotrwata

MAE Sredni btad bezwzgledny

MAPE $redni procentowy btad bezwzgledny

MLP perceptron wielowarstwowy

MLR regresja wieloraka

MSE btad sredniokwadratowy

MVO optymalizacja $rednio-wariancyjna

NARX nieliniowy autoregresyjny model ze zmiennymi egzogenicznymi
Ni nikiel

NO tlenek azotu(ll)

NO, tlenek azotu(lV)

NO, tlenki azotu

O3 ozon

Pb otéw

PM pyt zawieszony

PMyq pyt zawieszony o $rednicy czastek nie wigkszej niz 10 pum
PM; 5 pyt zawieszony o $rednicy czastek nie wigkszej niz 2,5 um
PM; pyt zawieszony o Srednicy czastek nie wiekszej niz 1 um
PMS Paristwowy Monitoring Srodowiska

POChP przewlekta obturacyjna choroba ptuc

PSI wskaznik norm zanieczyszczen

PSO optymalizacja rojem czastek

QR regresja kwantylowa

R wspdtczynnik korelacji

R? wspdtczynnik dopasowania

RBF radialna funkcja bazowa

RF las losowy

RMSE pierwiastek btedu Sredniokwadratowego

RNN rekurencyjna sie¢ neuronowa
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SARIMA
SO

SO,

SSA
SVM
SVR
TCN
TFT
TSP
VAE
VARMA
WANN
WRF
WT-ARIMA
xLSTM

sezonowy zintegrowany model autoregresyjno-sredniej ruchome;j
tlenek siarki(ll)

tlenek siarki(1V)

algorytm poszukiwan wrébli

maszyna wektoréw no$nych

regresja wektoréw wspierajacych

konwolucyjna sie¢ temporalna

sie¢ typu transformer z fuzja czasowa

catkowite pyty zawieszone

autoenkoder wariancyjny

wektorowy model autoregresyjno-$redniej ruchomej
falowe sieci neuronowe

model numeryczny prognozowania pogody

model ARIMA z transformacja falkowa
rozszerzona sie¢ z dfuga pamiecig krétkotrwata
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Rozdziat 1

Wstep

Zanieczyszczenie powietrza stanowi jeden z najpowazniejszych globalnych probleméw $rodowi-
skowych, majacych istotny wptyw na zdrowie ludzi oraz funkcjonowanie ekosysteméw. Jakosé
powietrza jest kluczowym czynnikiem determinujacym stan zdrowia populacji, poniewaz za-
nieczyszczone powietrze zawiera liczne substancje szkodliwe, takie jak pyt zawieszony (ang.
particulate matter — PM), tlenki azotu czy benzo(a)piren. Zwigzki te moga prowadzi¢ do roz-
woju powaznych choréb uktadu oddechowego i krazenia [9, 210]. Dtugotrwata ekspozycja na
zanieczyszczenia powietrza zwieksza ryzyko wystapienia astmy, przewlektej obturacyjnej cho-
roby ptuc (POChP) oraz nowotwordéw [28| [137]. Szczegblnie narazone na negatywne skutki sa
dzieci, osoby starsze oraz osoby cierpigce na choroby przewlekte [76].

Stezenia zanieczyszczen powietrza, w szczegdlno$ci pytéw zawieszonych, przyczyniaja sie
do znacznej liczby przedwczesnych zgondw na catym swiecie. W wielu regionach Europy jakos¢
powietrza pozostaje niezadowalajaca, zwtaszcza na obszarach silnie zurbanizowanych [162]. Za
gtébwna przyczyne zanieczyszczenia powietrza mozna uznaé procesy spalania paliw kopalnych,
prowadzace do emisji takich substancji jak benzen (CgHg), tlenek wegla(ll) (CO), tlenek we-
gla(lV) (CO,), tlenki azotu (NO, NO,, NO,), pyty zawieszone (PM;, PM,s, PMyg) [135]
oraz dwutlenek siarki (SO,). Z tego wzgledu jako$¢ powietrza jest przedmiotem systematycz-
nego monitoringu, a jej ocena opiera sie m.in. na analizie danych pochodzacych z sieci stacji
pomiarowych.

Wedtug Swiatowej Organizacji Zdrowia (WHO), sposréd 50 miast Unii Europejskiej o naj-
gorszej jakosci powietrza az 33 znajduja si¢ na terytorium Polski [22, [98]. Pomimo obserwowa-
nej w ostatnich latach redukcji emisji pytéw zawieszonych, nadal notowane s3 wysokie stezenia
frakcji pytu zawieszonego PM, 5 oraz PMyg, szczegdlnie w sezonie grzewczym. Jednoczesdnie
jako$¢ powietrza wykazuje istotne zréznicowanie regionalne [187]. Najbardziej zanieczyszczone
obszary obejmuja potudniowa cze$¢ kraju, w tym przede wszystkim region Gérnego Slaska,
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natomiast relatywnie dobra jako$¢ powietrza obserwuje sie w pétnocnej Polsce, w rejonach
nadmorskich oraz na wybranych obszarach Ziemi Lubuskiej [119, [208].

Systematyczna ocena stanu jakoSci powietrza w Polsce realizowana jest w ramach Pan-
stwowego Monitoringu Srodowiska (PMS), ktéry stanowi podstawowe narzedzie gromadzenia,
przetwarzania oraz udostepniania danych o stanie érodowiska. W ramach PMS prowadzone
sg ciagte i okresowe pomiary stezen substancji zanieczyszczajacych powietrze, w tym pytéw
zawieszonych frakcji PMys i PMyg, co umozliwia analize dfugoterminowych trendéw, ocene
narazenia ludnosci oraz identyfikacje obszaréw problemowych [159].

Instytucja odpowiedzialna za realizacje zadah PMS w zakresie monitoringu jakosci powie-
trza jest Gtéwny Inspektorat Ochrony Srodowiska (GIOS) [74]. GIOS koordynuje funkcjonowa-
nie krajowej sieci stacji pomiarowych, odpowiada za weryfikacje i publikacje wynikéw pomiaréw
oraz zapewnia ich zgodno$¢ z obowiazujacymi kryteriami oceny jakosci powietrza, okreslonymi
w odpowiednich aktach prawnych. Dane pochodzace z monitoringu prowadzonego przez GIOS
stanowig podstawe do wczesnego ostrzegania przed epizodami smogowymi oraz do podejmo-
wania dziatan majacych na celu ograniczenie emisji zanieczyszczen i poprawe jakosci powietrza,
w szczegélnosci na obszarach zurbanizowanych [162].

Do klasyfikacji jakosci powietrza oraz informowania spoteczenstwa o poziomie zagrozenia
zdrowotnego stosuje sie indeks jakosci powietrza (ang. Air Quality Index — AQI) [32] oraz indeks
zanieczyszczenia powietrza (ang. Air Pollution Index — API) [190]. AQI, powszechnie stosowa-
ny na catym Swiecie, integruje informacje o kilku kluczowych zanieczyszczeniach i prezentuje
wyniki w czytelnej skali liczbowej i kolorystycznej. API jest natomiast starszym wskaznikiem,
wykorzystywanym gtéwnie w wybranych krajach azjatyckich. Oprécz nich stosowane s3 réwniez
inne indeksy, takie jak AQHI (ang. Air Quality Health Index) [191], CAQI (ang. Common Air
Quality Index) [200], CAl (ang. Comprehensive Air-quality Index) [114], PSI (ang. Pollution
Standards Index) [32] oraz IAQI (ang. Indoor Air Quality Index) [31], ktére rdznig sie zakresem
monitorowanych zanieczyszczen oraz sposobem interpretacji wynikdéw. Zestawienie wybranych
wskaznikéw jakosci powietrza przedstawiono w tabeli [1.1}

Monitorowanie jakosci powietrza obejmuje réwniez prognozowanie stezen zanieczyszczen,
ktére odgrywa istotna role dla skutkéw zdrowotnych i srodowiskowych. Przyktadowo, progno-
zowane s3 stezenia pytdw zawieszonych frakcji PMyg i PMy 5, ktére ze wzgledu na niewiel-
kie rozmiary czastek moga przenikaé do uktadu oddechowego i krwionosnego, powodujac po-
wazne konsekwencje zdrowotne [91]. W zaleznosci od lokalnych warunkéw meteorologicznych
oraz struktury zrédet emisji, prognozy moga obejmowacd takze inne substancje, takie jak ben-
zo(a)piren czy lotne zwiazki organiczne [175]. Gtéwne zanieczyszczenia powietrza oraz ich
krétka charakterystyke przedstawiono na rys. [1.1]

12



Tabela 1.1. Wybrane wskazniki jakosci powietrza stosowane w réznych krajach i regionach.

Indeks Kraj / Region Monitorowane Skala Uwagi
zanieczyszczenia
AQI USA, Chiny, Indie, PMjys5, PMy,, O3z, 0-500 szeroko stosowane na
inne kraje CO, NO,, SO, catym Swiecie; kategorie
zdrowotne od ,dobrego”
do ,,niebezpiecznego”
API Malezja, Hong- PMjg, SO,, NO,, 0-500 zastgpione przez AQHI
kong (przed 2013 O3, CO w Hongkongu w 2013 r.
r.)
AQHI  Kanada, Hong- PM;s, O3, NO, 1-10+ skoncentrowane na ryzyku
kong (od 2013 r.) zdrowotnym
CAQI  Unia Europejska PM,s, PMyg, NO,, 0-100+ wykorzystywane w ma-
O3 pach jakosci powietrza
CAl Korea Potudniowa PM;y5, PMy,, O3z, 0-500 obejmuje zaréwno bieza-
CO, NO,, SO, ce, jak i prognozowane
warunki
PSI Singapur PM,s, PMy, Oz, 0-500 na podstawie wskaznika
CO, NO,, SO, jakosci powietrza w USA
IAQI Chiny kazde zanieczysz- 0-500 uzywane jako sktadniki
czenie osobno ogolnego wskaznika jako-
(PM, gazy) $ci powietrza
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Benzen; toksyczny lot-
ny zwigzek organiczny
pochodzacy ze spalania
paliw i emisji przemy-
stowych. Dtugotrwata
ekspozycja wiaze sie

z ryzykiem zachorowa-
nia na nowotwory

CO to toksyczny gaz
powstajacy w wyniku
niepetnego spalania.
CO, to gaz cieplarniany
przyczyniajacy sie do
zmiany klimatu

Tlenki azotu; kluczowe
w powstawaniu ozonu
i smogu. Szkodliwe dla
zdrowia uktadu odde-

chowego

co, CO,

Gtéwne zanieczyszczenia powietrza

Ozon troposferyczny;
zanieczyszczenie wtérne
powstajace w wyniku
reakgcji fotochemicz-
nych. Podraznia ptuca

i oczy

Czastki wnikajace gte-
boko do ptuc. Zwiagzane
z chorobami uktadu
krazenia i uktadu odde-

chowego

Tlenki siarki; powstaja
w wyniku spalania paliw
zawierajacych siarke.
Przyczyniaja sie do po-
wstawania kwasnych
deszczéw i problemoéw

z oddychaniem

Rysunek 1.1. Gtéwne zanieczyszczenia powietrza wraz z krétka charakterystyka [188].
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Informacje o prognozowanej jakosci powietrza odgrywaja istotng role w planowaniu polityki
Srodowiskowej, m.in. w podejmowaniu decyzji dotyczacych ograniczen ruchu samochodowego,
wprowadzania alertéw smogowych czy dziatan prewencyjnych. Rozwdj nowoczesnych metod
opartych na sztucznej inteligencji oraz modelach numerycznych umozliwia coraz doktadniejsza
analize i prognozowanie zmian jakosci powietrza. Im wyzsza doktadno$¢ prognoz, tym skutecz-
niejsze moga by¢ dziatania zapobiegawcze, co bezposrednio przektada sie na poprawe zdrowia
publicznego. Z tego wzgledu rozwdj i doskonalenie metod prognozowania jakosci powietrza
powinno stanowi¢ jeden z priorytetéw wspédtczesnej polityki Srodowiskowej [204].

Niniejsza praca koncentruje sie na prognozowaniu stezen wybranych zanieczyszczen powie-
trza, istotnych z punktu widzenia zdrowia publicznego i ochrony srodowiska. W przeprowadzo-
nych analizach wykorzystano wyniki pomiaréw stezen pytéw zawieszonych frakcji PM, 5 i PMyg,
a w wybranych wariantach badan uwzgledniono réwniez dane w zakresie stezen gazowych za-
nieczyszczen powietrza, takich jak CO, NO, NO,, NO,, SO, oraz Og. Istniejace w literaturze
metody prognozowania stezen zanieczyszczen powietrza sg zwykle testowane na ograniczone;j
liczbie stacji pomiarowych, czesto zlokalizowanych w pojedynczych miastach lub regionach.
Waski zakres danych moze ograniczaé skuteczno$¢ proponowanych metod w zréznicowanych
warunkach Srodowiskowych, takich jak obszary o wysokim stopniu urbanizacji, regiony prze-
mystowe czy miejscowosci uzdrowiskowe. W zwigzku z tym, w niniejszej pracy podjeto prébe
opracowania i oceny metod prognozowania krétkoterminowych stezen pytéw zawieszonych i ga-
z6w zanieczyszczajacych w Polsce z wykorzystaniem danych (ang. data-driven) pochodzacych
z szerokiej sieci automatycznych stacji monitoringu jakosci powietrza. Analiza obejmuje r6z-
norodne lokalizacje geograficzne i warunki $rodowiskowe (wymienione w podrozdz. , co
pozwala na kompleksowa ocene efektywnosci modeli w skali krajowej i stanowi punkt wyjscia
do dalszych badan nad ich adaptacja do zmiennych warunkéw lokalnych. W proponowanych
metodach zastosowano podejscia oparte na gtebokim uczeniu, w tym sieci konwolucyjne i auto-
enkodery, co pozwala na lepsze odwzorowanie ztozonych zaleznosci w danych i stanowi punkt
wyjscia do dalszych badan nad adaptacja modeli do zmiennych warunkéw lokalnych.

1.1 Aktualny stan badan

Podejscia do prognozowania zanieczyszczenia powietrza réznig sie znaczaco w poszczegdl-
nych regionach Swiata, odzwierciedlajac réznorodnosé lokalnych warunkéw Srodowiskowych,
dostepnosci danych i dominujacych zrédet emisji. Na obszarach o silnym uprzemystowieniu lub
urbanizacji, takich jak czesci Azji czy Europy Wschodniej, modele prognostyczne czesto wyko-
rzystuja ztozone architektury gtebokiego uczenia (ang. deep learning), aby uchwyci¢ nieliniowe
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zaleznosci miedzy wieloma zmiennymi. Z kolei regiony o ograniczonej infrastrukturze monito-
rujacej moga polegac na prostszych metodach statystycznych lub integrowad dane satelitarne,
aby kompensowac luki w danych na poziomie gruntu. Wptywy meteorologiczne, cechy topogra-
ficzne i wzorce sezonowe réwniez wptywaja na stosowane strategie modelowania. W rezultacie
systemy prognostyczne musza by¢ dostosowane do specyfiki regionalnej, aby zapewni¢ doktad-
nos¢ i praktyczng uzyteczno$é w procesie decyzyjnym i ochronie zdrowia publicznego. Niniejsza
sekcja zawiera przeglad metod prognozowania stezen powietrza.

Prognozowanie stezen zanieczyszczen powietrza realizowane jest z wykorzystaniem szero-
kiego spektrum metod, ktére mozna podzieli¢ na kilka gtéwnych kategorii, jak przedstawiono
na rys. [142]. Do pierwszej grupy naleza zaawansowane techniki pozyskiwania danych, obej-
mujace m.in. czujniki mobilne montowane na pojazdach, sieci sensoréw opartych na technologii
LoRaWAN [193], systemy niskokosztowych czujnikéw $rodowiskowych [94] 131], rozwiazania
klasy TinyML oraz platformy pomiarowe wykorzystujace bezzatogowe statki powietrzne (dro-
ny) [161]. Metody te umozliwiaja zwieckszenie rozdzielczosci przestrzennej i czasowej danych
wejSciowych, stanowigc istotne uzupetnienie klasycznych stacji monitoringu.

Kolejna grupe stanowia metody statystyczne, takie jak modele autoregresyjne (AR, ARMA,
ARIMA, SARIMA), regresja wieloraka (MLR) oraz regresja kwantylowa (QR), ktére od daw-
na s3 stosowane w analizie szeregdw czasowych oraz krétkoterminowym prognozowaniu stezen
zanieczyszczen powietrza. Metody te charakteryzujg sie relatywnie prostg interpretacja oraz nie-
wielkimi wymaganiami obliczeniowymi, jednak ich skuteczno$¢ bywa ograniczona w przypadku
danych silnie nieliniowych oraz niestacjonarnych [41], 109, 138, [163] [198].

W ostatnich latach popularno$é¢ zyskaty metody uczenia maszynowego, w tym drzewa de-
cyzyjne, metody zespotowe, lasy losowe (RF), maszyny wektoréw nosnych (SVM), modele
addytywne (GAM) oraz algorytmy wzmocnienia gradientowego, takie jak XGBoost [172, 128,
221}, 230]. W ramach tej grupy szczegdlne znaczenie zyskuja metody uczenia gtebokiego (ang.
deep learning), obejmujace m.in. sztuczne sieci neuronowe (ANN), sieci rekurencyjne (RNN),
w tym LSTM, GRU i Bi-LSTM, konwolucyjne sieci neuronowe (CNN), grafowe sieci neuronowe
(GCN) oraz modele oparte na mechanizmach uwagi (ang. attention mechanism) [203, 56| [194],
w tym sieci typu transformer (ang. transformers) [46] 124, 220]. Metody te umozliwiaja sku-
teczne modelowanie ztozonych zalezno$ci czasowych i przestrzennych wystepujacych w danych
dotyczacych jakosci powietrza.

Kolejng grupe stanowig metody hybrydowe, ktére tacza podejscia statystyczne, algoryt-
my uczenia maszynowego oraz techniki optymalizacji. Do tej kategorii naleza m.in. adap-
tacyjny neuro-rozmyty system wnioskowania (ang. adaptive neuro-fuzzy inference system —
ANFIS) [164, 1218], modele ARIMA wspomagane sieciami neuronowymi [51], architektury
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CNN-LSTM oraz GCN-LSTM [215], a takze rozwigzania wykorzystujace algorytmy optymali-
zacyjne, takie jak optymalizacja rojem czastek (PSO) czy algorytm poszukiwan wrdbli (SSA),
stosowane do strojenia parametréw modeli neuronowych [86]. Podejscia hybrydowe umozliwiaja
wykorzystanie komplementarnych zalet poszczegdlnych metod i czesto prowadza do poprawy
doktadnosci prognoz w poréwnaniu z modelami jednorodnymi [188].

Metody prognozowania

zanieczyszczen

Techniki Uczenie ma- __
sensoryczne szynowe Podejscie
czujniki montowa- Drzewa decyzyjne; statystyczne

ne w pojazdach; Uczenie zespotowe; AR;
LoRaWAN; GAM:; ARMA;
sensory EN- Prophet; ARIMA:;
SENSIA; RF; MLR;
TinyML + SVM: SARIMA;
Arduino Nano; XGBoost QR
drony
Uczenie gtebokie Metody hybrydowe
Autoenkodery; ANFIS;
ANN: ARIMA+ANN;
Bi-LSTM: CNN+LSTM;

CNN: GCN+LSTM;

MLP: PSO-+LSTM;

GCN: SSA+LSTM

GRU;
LSTM;

RBF;

RNN;
Modele

transformer

Rysunek 1.2. Kategoryzacja metod prognozowania z wykorzystaniem wybranych metod [188].
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1.1.1 Metody prognozowania stezen zanieczyszczen powietrza stoso-
wane na Swiecie ze szczegdlnym uwzglednieniem uczenia ma-

szynowego

Zastosowanie sensoréw Prowadzone na $wiecie badania pozwalaja wyodrebnié gtéwne kie-
runki wykorzystania sensoréw w prognozowaniu jakosci powietrza. Przyktadowo, w pracy Zafra-
Pérez i in. [223] zaproponowano niskokosztowa bezprzewodowa sie¢ LoRaWAN do pomiaru
PM, przetestowang w $Srodowisku przemystowym. Urzadzenia pomiarowe oparto na czujnikach
SDS011 oraz komponentach Arduino i Raspberry Pi. Przeprowadzono lokalng kalibracje, uzy-
skujac btad MAE ponizej 0,3 pug/m?® oraz wspétczynnik determinacji R?> = 0,96. Sie¢ umozliwita
zbieranie danych w czasie rzeczywistym i ich transmisje do platformy chmurowej. Z kolei w pra-
cy Apostolopoulos i in. [7], celem badan byta kalibracja niskokosztowych czujnikéw ENSENSIA,
mierzacych stezenia NO,, NO, O3, CO oraz PM, 5, w srodowisku miejskim z wykorzystaniem
metod uczenia maszynowego i gtebokiego. Zebrane dane poréwnano z pomiarami ze stacji
referencyjnych. Po kalibracji uzyskano wysoka zgodno$¢ wynikéw (R? > 0,86) oraz istotne
zmniejszenie btedu pomiarowego. Podkreslono jednoczesnie konieczno$é dynamicznej korekcji
czujnikéw klasy. W badaniu z pracy [90] zastosowano drony wyposazone w laserowe czujniki
do detekgji gazéw (CgHg, HCHO, SO,) oraz pytéw zawieszonych (PM;, PM, 5, PMy), a takze
moduty GPS, do monitorowania emisji liniowych, m.in. wzdtuz drég i linii kolejowych. System
umozliwiat analize pionowego profilu zanieczyszczen oraz ich rozktadu wzdtuz szlakéw trans-
portowych. Drony dziataty autonomicznie w zmiennych warunkach atmosferycznych, a wyniki
poréwnano z danymi ze stacji referencyjnych.

W pracy [92] zaprezentowano system nazwany Enviro-loT, ktéry jest niskokosztowym, dzia-
tajacym w czasie rzeczywistym rozwigzaniem do monitorowania jakosci powietrza, opartym na
miniaturowych czujnikach oraz technologii Internetu Rzeczy. Autorzy opisali czteroletni pro-
ces projektowania i wdrazania systemu, a nastepnie przedstawili wyniki dziewieciomiesiecznych
badan w Srodowisku miejskim. System poréwnano z przemystowa aparaturg referencyjna, uzy-
skujac wysoka doktadno$¢ pomiaréw frakcji pytéw zawieszonych PM; 5, PMyq oraz NO, (odpo-
wiednio 98%, 97% i 97%). Analiza ponad 57 000 prébek potwierdzita skutecznos$¢ rozwiazania,
dowodzac, ze niskokosztowe czujniki wspierane przez loT moga stanowi¢ realng alternatywe dla
tradycyjnych systeméw pomiarowych. Badania opisane w [146] dotycza opracowania niskokosz-
towego, samodzielnie skonstruowanego systemu oceny jakosci powietrza, przeznaczonego do
zastosowan wewnetrznych i zewnetrznych. System oparto na mikrokontrolerach ESP32 ko-
munikujacych sie za pomocg protokotu ESP-NOW oraz czujnikach Alphasense do pomiaréw
aerozoli i gazéw, takich jak NO,, SO,, O3, CO, CO, i H,S. Urzadzenie wykorzystano do oceny

18



powietrza zanieczyszczonego dymem tytoniowym po przejsciu przez reaktor plazmowy DBD.

W pracy [39] skupiono sie na opracowaniu uniwersalnej metody kalibracji niskokosztowych
czujnikéw jakosSci powietrza, umozliwiajacej ich masowe wdrazanie w miejskich sieciach monito-
ringu. Autorzy zaproponowali globalng metode kalibracji, niewymagajaca probek transferowych,
oparta na danych z ograniczonej liczby czujnikéw oraz algorytmach uczenia maszynowego. Te-
sty przeprowadzone w réznych porach roku wykazaty skutecznos$¢ poréwnywalna z indywidualna
kalibracja kazdego urzadzenia. Zastosowanie tej metody moze znaczaco obnizy¢ koszty i umozli-
wi¢ szerokie wykorzystanie precyzyjnych czujnikéw loT. Badanie [108], przeprowadzone w Delhi,
dotyczyto analizy trzech popularnych czujnikéw PM (SPS30, PMS7003 oraz HPMA115C0-004)
w warunkach wysokiej wilgotnosci i zapylenia dla pomiaréw frakcji pytu zawieszonego PM; s.
Autorzy podkreslili koniecznos¢ dynamicznej kalibracji oraz kompensacji wptywu wilgotnosci
w czasie rzeczywistym, przeprowadzajac jednoczesnie analize dfugoterminowej stabilnosci czuj-
nikow.

W pracy [96] zaprezentowano zastosowanie platform TinyML do predykgji stezeh ozonu
w czasie rzeczywistym z wykorzystaniem niskokosztowych urzadzen, takich jak Arduino Na-
no BLE Sense. System wykorzystuje pomiary temperatury i ci$nienia do estymacji stezen CO,
dziata w czasie rzeczywistym i moze by¢ montowany na bezzatogowych statkach powietrz-
nych. W badaniu [214] poruszono problem kalibracji niskokosztowych czujnikéw PM, ktérych
popularno$¢ wynika z niskiej ceny i mobilnosci. Autorzy zaproponowali wykorzystanie metod
uczenia transferowego, umozliwiajacych efektywna kalibracje przy minimalnym czasie wspét-
pracy z urzadzeniem referencyjnym. Przedstawiono podejScie meta-uczenia, wykorzystujace
dane z innych czujnikdw oraz ograniczony zbiér danych z kalibrowanego urzadzenia. Wyniki
dla frakcji PM, s wykazaty przewage tej metody nad innymi poréwnywanymi rozwigzaniami.
W pracy [213] zaproponowano tworzenie map stezen frakcji pytu zawieszonego PMy s 0 wy-
sokiej rozdzielczosci poprzez potaczenie danych z 320 mobilnych czujnikédw montowanych na
pojazdach oraz 52 stacji stacjonarnych. Zastosowano algorytmy uczenia maszynowego do ko-
rekcji danych i interpolacji przestrzennej. Uzyskano mapy o rozdzielczosci 500 m i od$wiezaniu
co 5 minut.

W artykule [201] przedstawiono niskokosztowy, wieloparametrowy system monitorowania
jakosci powietrza, wykorzystujacy algorytmy uczenia maszynowego do kalibracji. System umoz-
liwiat wykonanie jednoczesnego pomiaru stezen pytéw (PMy 5, PMyg) oraz gazéw (SO,, NO,
CO, 03), uwzgledniajac wptyw temperatury i wilgotnosci. Opracowany model predykcyjny po-
réwnano z danymi referencyjnymi, uzyskujac bardzo wysoka doktadnoéé¢ (R? do 0,99) przy
niskich wartosciach RMSE i MAE. W pracy [157] zaprezentowano platforme niskokosztowe-
go monitoringu jakosci powietrza opartg na bezzatogowym statku powietrznym wyposazonym
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w czujniki do pomiaru CO, O3 oraz NO,. System zwiekszat mobilno$¢ i dostepno$é pomiaréw
w trudno dostepnych lokalizacjach, eliminujac ograniczenia tradycyjnych sieci pomiarowych.
Dane byty przesytane w czasie rzeczywistym za pomoca komunikacji LoRa i wizualizowane
w aplikacji internetowej. Testy w kontrolowanej przestrzeni powietrznej potwierdzity skutecz-
nos¢ i praktyczno$é zaproponowanego rozwigzania.

Uczenie maszynowe W kontekscie badan zwigzanych z wykorzystaniem metod uczenia ma-
szynowego, w pracy [167] przeanalizowano prognozowanie stezen dwutlenku azotu (NO;) na
podstawie historycznych danych o zanieczyszczeniach i danych meteorologicznych. Skupiajac
sie na Erfurcie (Niemcy), model uwzgledniat zaleznosci czasowe oraz lokalne czynniki, takie jak
ruch drogowy czy wydarzenia specjalne. Dodatkowo wykorzystywat sezonowos$¢ zanieczyszczen
i siedem parametréw meteorologicznych do prognozowania stezen NO, w nadchodzacych go-
dzinach. Wyniki eksperymentéw wykazaty wyzszg doktadno$¢ prognoz w poréwnaniu z innymi
modelami, szczegdlnie w okresach odchylen od typowych wzorcédw sezonowych, np. podczas
$wiat, co moze wspieral strategie zarzadzania emisjami, w tym regulacje ruchu drogowego.

W badaniu [59] zaproponowano model ANN do krétkoterminowego prognozowania emi-
sji CO, w sektorze zbozowym Apulii (potudniowe Wtochy), majacy na celu oceng wptywu
zrébwnowazonych praktyk rolniczych na redukcje zanieczyszczen. Model stanowit elastyczna
alternatywe dla klasycznych metod, czesto zbyt sztywnych do modelowania ztozonych zja-
wisk $rodowiskowych. Model sieci ANN zaproponowano takze w pracy [64] do prognozowania
dziennych wartosci stezen pytéw zawieszonych frakcji PMy, s i PMyg, z wykorzystaniem danych
meteorologicznych.

W pracy [3] zastosowano metode ANN oraz metode grupowego przetwarzania danych do
prognozowania emisji CO, w oparciu o zrédta energii. Eksperymenty obejmowaty dane z pie-
ciu krajéw: Iranu, Kuwejtu, Kataru, Arabii Saudyjskiej oraz Zjednoczonych Emiratéw Arab-
skich. Ocena modelu przy uzyciu wspétczynnika determinacji (R?) potwierdzita jego skutecz-
no$¢ w przewidywaniu emisji CO,. Cho i in. zaproponowat w badaniu [34] zintegrowany model
oparty na ANN do prognozowania parametréw Srodowiska wewnetrznego w budynku szkol-
nym, w tym stezen CO,, pytéw zawieszonych PMyy i PM; 5. Model zostat zoptymalizowany
z wykorzystaniem wielokryterialnego algorytmu genetycznego i wyeliminowat regresje pozor-
ng poprzez wykluczenie nieistotnych zmiennych wejsciowych. Doktadno$¢ prognoz oceniano
przy uzyciu miary RMSE, co wykazato wysoka skutecznos$¢ i praktyczna przydatno$¢ w kon-
troli Srodowiska budynkéw oraz optymalizacji zuzycia energii. Badania [185] oceniaja zdolno$¢
sztucznej sieci neuronowej do prognozowania godzinnych stezen zanieczyszczeh powietrza oraz
wskaznikdw jakosci powietrza dla Ahvaz (Iran), jednego z najbardziej zanieczyszczonych miast
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z powodu burz pytowych. Model wykorzystujacy dane meteorologiczne, stezenia zanieczyszczen
oraz czynniki czasowe osiagnat wyzszy wspétczynnik korelacji (R) i nizszy RMSE dla szesciu
gtébwnych zanieczyszczen w poréwnaniu z innymi modelami.

W pracy [123] zastosowano sieci neuronowe w potaczeniu z danymi meteorologicznymi do
prognozowania godzinnych stezenh pytu zawieszonego frakcji PM; 5 na podstawie danych ze sta-
cji monitoringu Aotizhongxin w Pekinie. Zaproponowana metoda wykazata wysoka doktadnosc
prognoz, osiggajac wyzsze wartoéci R? w porédwnaniu z innymi podejéciami. Badania [80, [72] do-
tyczyty prognozowania stezen pytu zawieszonego frakcji PMs s i PMyo w Liaocheng i Chongging
(Chiny) z uzyciem ANN. Model sktadat sie z 11 parametréw wejsciowych, warstwy ukrytej z 6
neuronami i pojedynczego wyjécia. W pracy [71] badano zastosowanie ANN oraz falowych sieci
neuronowych (ang. wavelet transform neural network — WANN) do prognozowania dziennych
stezenh PM, s w Szanghaju. Modele wykorzystywaty zmienne meteorologiczne oraz wczesniej-
sze stezenia zanieczyszczen. WANN z funkcja aktywacji tansig—purelin przewyzszata ANN na
wszystkich etapach oceny, wykazujac wysoka doktadno$¢ prognoz i potwierdzajac przydatnosé
do wspierania strategii zarzadzania jakoScig powietrza.

W badaniu [156] zaproponowano model czasoprzestrzennej sieci CNN i LSTM do pro-
gnozowania $rednich dziennych stezen PM;s w Pekinie (Chiny). Model wykorzystat zaréwno
liniowe, jak i nieliniowe korelacje miedzy parametrami docelowymi a obserwacyjnymi, wykorzy-
stujac historyczne dane dotyczace jakosci powietrza i meteorologii. Dzieki efektywnej ekstrakcji
cech za pomoca sieci neuronowej CNN i odzwierciedlaniu dtugoterminowych trendéw danych
za pomocg LSTM, model uzyskat doktadne i szybkie prognozy. W poréwnaniu z modelami
perceptronu wielowarstwowego i LSTM, metoda CNN-LSTM wykazata lepsza stabilno$¢ i wy-
dajno$é¢ w przewidywaniu jakosci powietrza. Badanie przedstawione w pracy [180] przedstawito
model gtebokiego uczenia, ktéry taczy CNN z LSTM w celu przewidywania godzinnych stezen
catkowitych czastek zawieszonych (TSP). Sie¢ CNN petnita funkcje procesora danych, wyko-
rzystujac ekstraktory cech oparte na statystycznie istotnych opéznionych zmiennych, natomiast
sie¢ LSTM wykorzystata nowy schemat mapowania cech do przewidywania kolejnego godzin-
nego stezenia TSP. Obszerne testy proponowanego modelu wykazaty jego lepsza wydajnosc
w poréwnaniu z zespotem pieciu innych modeli uczenia maszynowego.

W pracy [25] wykorzystano modele sieci CNN do prognozowania stezen PMjg i PMys
w Polsce w czasie rzeczywistym. Ocena, oparta na pomiarach R? i RMSE, potwierdzita wysoka
doktadno$¢ modeli w prognozowaniu analizowanych stezen. W artykule [49] przedstawiono
model CNN do prognozowania jakosci powietrza w kontekscie frakcji PMys. Proponowany
model integruje model CNN w celu wychwycenia lokalnych trendéw i korelacji przestrzennych,
z dwukierunkowa siecig Bi-LSTM w celu ustalenia zaleznosci czasowo-przestrzennych. Obszerne
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eksperymenty z rzeczywistymi zbiorami danych pokazaty, ze model osigga wysoka doktadnosc¢
prognozowania pytu zawieszonego PM;s.

Bekkar i in. w pracy [13] rozwazali prognozowanie stezen pytu zawieszonego w Pekinie (Chi-
ny) z wykorzystaniem metod gtebokiego uczenia. W artykule wykorzystano sieci CNN i LSTM
do przewidywania godzinnych stezen pytu zawieszonego, wykorzystujac dane meteorologicz-
ne, a takze historyczne dane dotyczace zanieczyszczen oraz stezenia z pobliskich stacji jako
cechy czasoprzestrzenne. Poréwnano wydajno$¢ réznych metod gtebokiego uczenia, w tym
LSTM, Bi-LSTM, GRU, Bi-GRU i CNN, a model CNN-LSTM przewyzszat wszystkie pozostate
pod wzgledem doktadnosci predykcyjnej. Model taczacy splotowe sieci CNN i LSTM do pro-
gnozowania zanieczyszczenia powietrza z wykorzystaniem danych z czujnikéw przedstawiono
w pracy [63]. Uwzgledniono zaréwno modele jednowymiarowe, jak i wielowymiarowe. Model
przetestowano z wykorzystaniem danych z Barcelony, Kocaeli i Stambutu, wykazujac znaczna
poprawe doktadno$ci prognozowania w poréwnaniu z tradycyjnymi modelami LSTM. Zastoso-
wano réwniez transfer uczenia (ang. transfer learning).

W pracy [120] opracowano model CNN-LSTM do prognozowania stezenia PM, s w Pekinie
na najblizsze 24 godziny. Model ten taczyt zalety sieci CNN i LSTM: CNN efektywnie wyod-
rebnia cechy zwigzane z jakoscig powietrza, podczas gdy LSTM przechwytuje dtugoterminowy
kontekst czasowy danych. Model pobierat dane dotyczace jakoSci powietrza z ostatnich 7 dni
i przewidywat stezenie pytu zawieszonego PM, 5 na nastepny dzien. W badaniu poréwnano
cztery modele: jednowymiarowy LSTM, wielowymiarowy LSTM, jednowymiarowy CNN-LSTM
i wielowymiarowy CNN-LSTM. Wyniki wskazuja, ze proponowany wielowymiarowy model CNN-
LSTM przewyzszat inne, osiaggajac najlepsza wydajnos¢ przy niskim poziomie btedu i krétkim
czasie uczenia.

Autorzy [143] opracowali nowy model prognozowania jakosci powietrza oparty na sploto-
wym autoenkoderze Bi-LSTM z mechanizmem uwagi. Badanie przeprowadzono w Busan (Korea
Potudniowa) z wykorzystaniem danych dotyczacych stezenia pytu zawieszonego, warunkéw me-
teorologicznych i natezenia ruchu drogowego uzyskanych za pomoca algorytmu YOLO. Model
skutecznie uchwycit zaleznosci czasowo-przestrzenne i znacznie przewyzszyt inne podejscia za-
rébwno w prognozach krétkoterminowych, jak i dtugoterminowych. Praca [38] zaproponowata
nowy model prognozowania jako$ci powietrza, ktéry taczy autoenkoder wariacyjny i mechanizm
uwagi. Metoda zostata eksperymentalnie zweryfikowana z wykorzystaniem danych o zanieczysz-
czeniach z czterech stanéw USA. Ocena oparta na szeSciu metrykach statystycznych wykaza-
ta, ze model skutecznie prognozowat stezenia réznych zanieczyszczen w wielu lokalizacjach,
przewyzszajac istniejagce modele, w tym LSTM, i GRU. W pracy [129] zaproponowano model
taczacy mechanizm uwagi, sie¢ LSTM i XGBoost do przewidywania stezen pytu zawieszonego
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frakcji PM3 5, uwzgledniajac wptyw kierunku i predkosci wiatru na transport zanieczyszczen.
Dane wejsciowe obejmowaty pomiary stezen pytu zawieszonego PM, 5 z sasiednich obszaréw
oraz prognozy meteorologiczne. Eksperymenty przeprowadzono z wykorzystaniem rzeczywistych
danych PMy 5 i prognoz pogody.

W badaniu [54] zaproponowano model gtebokiego uczenia taczacy CNN, GRU i mecha-
nizm uwagi w celu prognozowania jakosci powietrza. CNN wyodrebnito cechy przestrzenne
z obrazéw, GRU zarejestrowato zalezno$ci czasowe, a mechanizm uwagi dostosowat wptyw
cech, aby zmniejszy¢ fluktuacje. Przetestowany na zbiorze danych z Szanghaju model przewyz-
szyt inne metody. W [127] zaproponowano zaawansowany model Seq2Seq, ktéry zastapit siec
RNN mechanizmem uwagi z osadzeniem pozycyjnym. Taka modyfikacja skrécita czas ucze-
nia i zwiekszyta odporno$¢ modelu. Eksperymenty przeprowadzone w Centrum Olimpijskim
i stacjach monitorujacych Dongsi w Pekinie potwierdzity, ze proponowany model przewyzszyt
istniejace metody, szczegdlnie w przewidywaniu nagtych zmian wartosci stezen PM, 5.

W pracy [1] przeanalizowano skuteczno$¢ prognozowania stezen PM na wschodnim wybrze-
zu Potwyspu Malajskiego, gdzie zanieczyszczenie powietrza stanowi istotny problem $rodowi-
skowy. Poréwnano model liniowy oparty na wielokrotnej regresji liniowej z dwoma modelami
nieliniowymi: perceptronem wielowarstwowym oraz siecig radialnych funkcji bazowych, wyko-
rzystujac historyczne dane meteorologiczne i dane o zanieczyszczeniach z obszaréw miejskich,
podmiejskich i wiejskich. Najlepsze wyniki uzyskano dla modelu radialnych funkcji bazowych,
ktéry zmniejszyt btedy prognozowania o 78,9% w obszarach miejskich, 32,1% w podmiejskich
oraz 39,8% w wiejskich. Wyniki te podkreslaja ztozonos$¢ relacji pomiedzy stezeniami PMyq
a czynnikami je warunkujacymi oraz wskazuja na przewage modeli nieliniowych, w szczegol-
nosci sztucznych sieci neuronowych, w zadaniach krétkoterminowego prognozowania. Istotng
role danych meteorologicznych w modelowaniu jakosci powietrza potwierdzono réwniez w pra-
cach [67) [177]. W [67] zaproponowano zintegrowane podejscie do prognozowania maksymal-
nych stezeh ozonu w mikrolokalizacjach miejskich z wykorzystaniem perceptronéw wielowar-
stwowych. Uzyskano poprawe doktadnosci prognoz jednodniowych, szczegdlnie na obszarach
o niskiej rozdzielczosci lokalnej. Z kolei w badaniu [177] wykazano wyzszo$¢ perceptronu wie-
lowarstwowego nad wielokrotna regresja liniowa w prognozowaniu stezen SO, w Teheranie.

Zastosowanie gtebokich i rekurencyjnych sieci neuronowych do prognozowania zanieczysz-
czeh powietrza potwierdzono w kolejnych badaniach. W [110] wykorzystano rekurencyjne sieci
neuronowe do estymacji stezen SO, i PMyg w Sakarya (Turcja), uzyskujac silne korelacje oraz
niskie wartosci RMSE. Podobnie w [27] zaproponowano zagregowany model LSTM do pro-
gnozowania jako$ci powietrza na podstawie danych z wielu stacji monitoringu na Tajwanie,
wykazujac jego przewage nad klasycznymi metodami uczenia maszynowego. Skuteczno$¢ sieci
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radialnych funkcji bazowych potwierdzono réwniez w [186], gdzie zastosowano je do progno-
zowania jako$ci powietrza w Zhengzhou i Szanghaju. W artykule [57] rozwazano zastosowanie
sieci neuronowej autoregresyjnej z rozszerzonym czynnikiem do prognozowania wartosci zanie-
czyszczenia NO, w Madrycie, wykorzystujac opéznione wartosci NO,., dane meteorologiczne
i czynniki ukryte. Model przewyzszat konkurencyjne metody, zapewniajac dokfadniejsze pro-
gnozy zanieczyszczenia powietrza. Prognozowanie stezenn NO, rozwazano takze w [10].

W [70] poréwnano standardowe sieci ANN z falkowymi sieciami neuronowymi w progno-
zowaniu wskaznika API, wykazujac przewage modeli WANN. Z kolei w [126] zaproponowano
wazony model hybrydowy oparty na transformacji falkowej oraz architekturach LSTM, GRU
i BILSTM, ktéry przewyzszat pojedyncze modele w prognozowaniu stezen NO, w Pekinie. Dyna-
miczny rozwdj metod opartych na grafowych sieciach neuronowych i mechanizmach uwagi znaj-
duje odzwierciedlenie w licznych pracach. Modele wykorzystujace korelacje czasoprzestrzenne,
takie jak GCN-LSTM [139)], hierarchiczne architektury DL-Air czy modele fuzji czasowej [82],
0siggaja wysoka skuteczno$¢ w prognozowaniu wielu zanieczyszczen jednoczesnie. Podkreslono
to w pracach, m.in. [212, 87| [152, 29| 192, [77], w ktérych uwzgledniono zaleznosci przestrzenne
pomiedzy stacjami pomiarowymi, wptyw warunkéw meteorologicznych oraz heterogeniczno$é
systeméw monitoringu. Uzupetnieniem badan prognostycznych s3 systemy dziatajace w czasie
rzeczywistym [50].

Kompleksowy przeglad podsumowujacy techniki wykorzystujace gtebokie uczenie do pro-
gnozowania zanieczyszczenia powietrza przedstawiono w pracy [188]. W badaniu podkreslono
skuteczno$¢ gtebokiego uczenia w poprawie doktadnosci i wiarygodnosci prognoz jakosci po-
wietrza, zwracajac uwage na jego zdolnos¢ do modelowania ztozonych, nieliniowych zaleznosci
miedzy czynnikami meteorologicznymi, stezeniami zanieczyszczen i innymi zmiennymi wpty-
wajacymi. Oméwiono réwniez wyzwania zwigzane z wdrazaniem tych technik w rzeczywistych
systemach prognozowania jakosci powietrza, takie jak jako$¢ danych i koszt obliczeniowy.

Wang i in. w pracy [202] zaproponowali zaawansowany system wczesnego ostrzegania,
sktadajacy sie z dwdéch modutéw: prognozowania oraz oceny jakosci powietrza. Modut pro-
gnostyczny taczyt metody wstepnego przetwarzania danych, optymalizacji numerycznej oraz
prognozowania interwatowego, umozliwiajac uwzglednienie niepewnosci predykcji. Modut ewa-
luacji, oparty na modelu chmury, pozwalat na transformacje danych jakosciowych w ilo$ciowe
miary jakosci powietrza. Symulacje przeprowadzone dla danych z miasta Dalian (Chiny) po-
twierdzity wysoka skutecznos$¢ i uniwersalno$¢ zaproponowanego rozwiazania. W [228] przed-
stawiono podejscie do prognozowania jakosci powietrza oparte na metodach uczenia maszy-
nowego, umozliwiajace przewidywanie stezen zanieczyszczen w interwatach godzinowych. Za-
stosowano strategie uczenia wielozadaniowego z uwzglednieniem danych meteorologicznych
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z wczesniejszych dni. Wyniki eksperymentéw wykazaty przewage proponowanego rozwigzania
nad klasycznymi modelami regresyjnymi. W badaniu [229] przeanalizowano skuteczno$¢ metod
uczenia zespotowego w prognozowaniu stezen PM, 5. W modelach uwzgledniono zaréwno dane
klimatyczne, jak i wskazniki jakosci powietrza z miast sasiednich. Ocene skutecznosci przepro-
wadzono na zbiorach danych obejmujacych pomiary PM, s z Pekinu, Wuhan oraz Shenzhen,
potwierdzajac wysoka jako$¢ predykciji.

W pracy [115] zaproponowano model oparty na wzmocnieniu gradientowym do prognozowa-
nia stezen PM, s na Tajwanie. Analiza poréwnawcza obejmowata dane z Tajpej oraz Londynu
i wykazata zblizong skuteczno$¢ predykcyjng dla obu miast, co autorzy wigza z podobnymi
uwarunkowaniami topograficznymi. W badaniach [53] opracowano trzy modele uczenia ma-
szynowego: wielokrotng regresje liniowa, regresje laséw losowych oraz model addytywny, prze-
znaczone do prognozowania stezen pytéw zawieszonych. Wszystkie modele osiagnety wysoka
doktadnos$¢, przy czym najlepsze wyniki uzyskano dla modelu addytywnego. Praca przedsta-
wita réwniez uniwersalng metodyke analizy zmiennosci PM, mozliwg do adaptacji w réznych
regionach geograficznych. W [182] zastosowano model Prophet do krétkoterminowego i dtu-
goterminowego prognozowania zanieczyszczen powietrza w Seulu, w tym PM,5 i PMyg oraz
O3, NO;, SO, i CO. Model wykazat nizsze btedy predykcyjne w poréwnaniu z alternatywny-
mi metodami, szczegdlnie dla pytéw zawieszonych. W badaniu [95] zaproponowano metode
estymacji stezen benzenu CgHg w obszarach miejskich. Wykorzystano zaleznosci pomiedzy in-
nymi gazami oraz algorytmy uczenia maszynowego, osiagajac znaczna poprawe doktadnosci
wzgledem klasycznych metod. Podejscie to stanowi efektywnga alternatywe dla kosztownego
wdrazania dedykowanych czujnikébw. W pracy [136] przeanalizowno poprawe monitorowania
jakosci powietrza w Chinach poprzez integracje danych satelitarnych o wysokiej rozdzielczo-
Sci z informacjami meteorologicznymi i chemicznymi z modeli WRF (ang. Weather Research
and Forecasting model) i CMAQ (ang. Community Multiscale Air Quality model). Zastoso-
wano metody asymilacji danych oraz probabilistyczne modele. Uzyskane rezultaty umozliwiaja
doktadniejsze monitorowanie i prognozowanie dtugoterminowych zmian stezen NO i CO. W pra-
cy [134] zaproponowano model uczenia maszynowego integrujacy dane z numerycznego modelu
WRF-Chem (ang. Weather Research and Forecasting model with Chemistry), pomiary naziemne
oraz dane meteorologiczne do prognozowania dziennych stezen PM, 5 w Szanghaju. Uzyskano
istotng poprawe doktadno$ci w poréwnaniu z samym modelem WRF-Chem, co potwierdzito za-
sadnos¢ taczenia modeli fizycznych z metodami uczenia maszynowego w prognozowaniu jakosci
powietrza.

Hybrydowy model PSO-SVM do krétkoterminowego prognozowania stezen zanieczyszczenh
powietrza zostat zaproponowany w pracy [30]. Metoda taczyta analize czynnikéw wptywu,
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klasteryzacje danych wejsciowych oraz optymalizacje parametréw, osiagajac lepsze wyniki niz
klasyczne modele SVM oraz podejscia oparte na algorytmach genetycznych. Studium przypadku
dla Pekinu potwierdzito skuteczno$¢ zaproponowanego rozwigzania. W artykule [118] przedsta-
wiono system prognozowania jakosci powietrza dla Makau, oparty na pieciu metodach: ANN,
RF, XGBoost, SVM oraz MLR. Modele zastosowano do prognozowania stezen pytu zawieszone-
go frakcji PMy 5, PMyg oraz CO w horyzontach 24 i 48 godzin. Wszystkie algorytmy uzyskaty
dobre wyniki dla prognoz krétkoterminowych, a najlepsza skuteczno$¢ wykazaty modele RF
i SVM. Prognozowanie wskaznika jakosci powietrza rozwazono takze w [168].

Metody statystyczne W obszarze wykorzystanych metod statystycznych, badanie przedsta-
wione w pracy [227] skoncentrowano na analizie stezen PMy s w Fuzhou (Chiny) z wykorzy-
staniem modelu ARIMA. Wyniki wskazaty sezonowe wahania PM; 5, z wyzszymi wartosciami
zima i nizszymi latem. Analiza korelacji Spearmana wykazata dodatnia zaleznos$¢ stezen PM, 5
ze stezeniami PMyg, SO, i NO; oraz ujemna z parametrami meteorologicznymi. W pracy [84]
stezenia frakcji PM1g w Taiyuan (Chiny) analizowano przy uzyciu modelu ARMA/ARIMA opar-
tego na transformacji falkowej. Badania [21] dotyczyty jako$ci powietrza w Lahore (Pakistan),
ujawniajac, ze stezenia PM, 5 i PMyg przekraczaja krajowe normy srodowiskowe. Analiza kore-
lacji wskazata na istotny wptyw ruchu drogowego na wzrost emisji. Prognozowanie przysztych
stezent PM, 5 zrealizowano za pomoca modelu SARIMA. W pracy [6] prognozowano miesieczne
stezenia PMo w Erzurum (Turcja). Dane historyczne poddano oczyszczeniu z trendéw se-
zonowych i dekompozycji na trzy poziomy. Modele ARIMA zastosowano do kazdej podserii,
a model WT-ARIMA przewyzszyt metode ARIMA, wykazujac wysoka doktadnosé i przydatnosé
do wczesnego ostrzegania w regionach o duzym zanieczyszczeniu powietrza. Model statystyczny
do prognozowania stezen PM, s i PM;o opracowano takze w [2].

W artykule [222] wykorzystano popularne urzadzenia LoRa i niskokosztowe czujniki do
monitorowania stezein PM oraz zaproponowano metode krétkoterminowego prognozowania (do
2 godzin) z uzyciem modeli ARIMA i VARMA. W pracy [109] wykorzystano modele ARMA
i ARIMA do prognozowania dziennych $rednich stezen Oz, CO, NO i NO, w Delhi. Dane
poddano transformacji stabilizujagcej wariancje, a optymalne parametry modelu wybrano na
podstawie kryteriéw informacyjnych i funkcji autokorelacji. W pracy [60] zastosowano model
ARIMA do prognozowania jakosci powietrza w prowincji Hunan (Chiny). Model okazat sie
wiarygodny w przewidywaniu stezenn PM, 5, PMyg, SO, i CO. W badaniu przedstawionym w [8]
zastosowano regresje kwantylowa do prognozowania stezen NO, w Madrycie.
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Metody hybrydowe W literaturze zaproponowano takze liczne metody hybrydowe do pro-
gnozowania stezen zanieczyszczeh powietrza, obejmujace zaréwno klasyczne modele staty-
styczne, jak i algorytmy uczenia maszynowego. Wczesne badania koncentrowaty sie na wy-
korzystaniu regresji liniowej oraz modeli szeregéw czasowych, takich jak AR, ARMA, ARIMA
i SARIMA, czesto taczonych ze sztucznymi sieciami neuronowymi w celu poprawy jakosci pro-
gnoz [41], [145], (5, [I73]. Istotna grupe stanowia modele oparte na sztucznych sieciach neuro-
nowych, w tym perceptronach wielowarstwowych, sieciach RBF, ESN oraz metodach regres;ji,
stosowanych do prognozowania stezen NO, NO, oraz PMyq i PM, 5 [52, 93| 148 165], [171].

Badane s3 takze modele faczace algorytmy uczenia maszynowego [48| [116), [174] z technika-
mi dekompozycji sygnatu oraz algorytmami optymalizacji. Przyktady takich podej$¢ obejmuja
wykorzystanie EMD, EEMD i CEEMD w potaczeniu z ANN, SVR lub LSTM, optymalizowanych
z uzyciem PSO, SSA, algorytméw genetycznych, MVO oraz innych metod metaheurystycz-
nych [4] 43| 81, 130} (196, 229]. Przyktadowo, w pracach [79] [100] potaczono algorytm SVM
z algorytmem optymalizacji rojem czastek do prognozowania stezen PMjq, uzyskujac istot-
na poprawe doktadnosci wzgledem klasycznych modeli. W ostatnich latach szczegélng uwa-
ge poswiecono metodom gtebokiego uczenia, zwtaszcza sieciom LSTM oraz ich wariantom,
ktore wykazuja wysoka skuteczno$¢ w modelowaniu ztozonych i nieliniowych zaleznosci czaso-
wych [36) 144], 117, 176, 181, 216]. Kolejnym przyktadem moze by¢ zastosowanie adaptacyjnego
systemu neuro-rozmytego (ANFIS), ktéry w pracy [225] zostat wykorzystany do prognozowania
stezen CO, SO,, O3 oraz NO,. Podejécia te pozwalajg na skuteczniejsze modelowanie niesta-
cjonarnych szeregéw czasowych oraz redukcje btedéw prognoz. Jednym z aktualnych kierunkéw
jest stosowanie modeli opartych na mechanizmie uwagi wraz z sieciami dwukierunkowymi, np.
Bi-LSTM [46].

Coraz czeSciej stosowane s3 rowniez metody zespotowe oraz podejscia taczace rézne para-
dygmaty obliczeniowe, w ktérych wyniki wielu modeli s3 integrowane w celu poprawy jakosci
prognoz [26], [69] 154] 197]. Zastosowania obejmuja zaréwno prognozowanie stezen zanieczysz-
czen (PM, NO,, O3, SO,, CO), jak i estymacje emisji z wykorzystaniem danych meteorolo-
gicznych, $rodowiskowych oraz spoteczno-ekonomicznych [85] [122] 133, 149, [151] [166]. Inne
hybrydowe metody prognozowania stezen analizowano réwniez w pracach [61], 140, [198].

W pracy [209] zbadano wiasciwosci higroskopijne PM, ktére wptywaja na rozpraszanie
i absorpcje Swiatta. Analizowano zachowanie pytu grubego (CPM) i drobnego (frakcja PMy5)
w réznych warunkach pogodowych oraz ich wptyw na widocznos$¢. Zastosowano model regresji
cenzurowanej do analizy zaleznosci miedzy stezeniami PM a czynnikami meteorologicznymi,
umozliwiajac obliczenie optycznego wspétczynnika wzrostu higroskopijnego i wzrostu masy hi-
groskopijnej. Wyniki pokazuja, ze stezenia CPM i PM, 5 negatywnie wptywaja na widocznos¢,
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a wilgotnos$¢ wzgledna istotnie modyfikuje te efekty. Wykorzystanie modeli transportu chemicz-
nego WRF-Chem i WRF-CMAQ przeanalizowano w pracach [183].

Z przedstawionego przegladu literatury wynika, ze mimo intensywnego rozwoju metod pro-
gnozowania jakosci powietrza, w tym podej$¢ opartych na uczeniu maszynowym i gtebokim
uczeniu, znaczna cze$¢ badan prowadzona jest w ograniczonych warunkach przestrzennych.
Proponowane metody s3 najczesciej testowane na niewielkiej liczbie stacji pomiarowych, zlo-
kalizowanych w pojedynczych miastach lub regionach o zblizonych charakterystykach $rodo-
wiskowych. Taki sposéb ewaluacji utrudnia ocene zdolnosci modeli do generalizacji oraz ich
skutecznosci w zréznicowanych warunkach, obejmujacych zaréwno obszary silnie zurbanizowa-
ne i przemystowe, jak i regiony o relatywnie niskim poziomie zanieczyszczenia.

1.1.2 Krajowe podejscia do prognozowania stezen zanieczyszczen po-
wietrza z wykorzystaniem uczenia maszynowego

W literaturze stosunkowo niewiele jest badan, w ktérych zaprezentowane zostaty wyniki ana-
liz w zakresie prognozowania stezen zanieczyszczen powietrza w oparciu o dane pochodzace
z duzej liczby lokalizacji jednoczesnie. Wiekszo$¢ dotychczasowych prac koncentruje sie na po-
jedynczych miastach lub wybranych stacjach pomiarowych, co ogranicza mozliwo$¢ uchwycenia
petnej zmiennos$ci przestrzennej i identyfikacji czynnikéw warunkujacych powstawanie epizodéw
zanieczyszczen. Ograniczony zakres danych moze potencjalnie ogranicza¢ skuteczno$¢ propo-
nowanych metod, poniewaz nie pozwala w petni oceni¢ ich wydajnosci w prognozowaniu stezen
w réznych warunkach, np. w obszarach o bardzo wysokim stopniu zanieczyszczenia (aglomeracje
miejskie) lub o relatywnie niskim zanieczyszczeniu (miejscowosci uzdrowiskowe) [102] (107, [224].

Przyktadowo, w artykule [161] opisano projekt niskokosztowego systemu pomiaru jakosci po-
wietrza montowanego na bezzatogowym statku powietrznym, przeznaczonego do monitoringu
powietrza w Opolu. System wykorzystat czujnik PMS7003 do pomiaréw PM, 5 i PMyg, czujniki
MQ do detekcji gazéw (NO,, CO) oraz modut GPS. Wyniki wykazaty dobrg korelacje danych
pozyskanych z UAV z pomiarami naziemnymi. Praca potwierdzita takze potencjat dronéw jako
narzedzi do szybkiej i ekonomicznej identyfikacji obszaréw zagrozonych smogiem. Mozliwo$é
wykorzystania sieci NARX do prognozowania stezenia PM;q pochodzacego z transportu drogo-
wego w Szczecinie zbadano w pracy [99]. Analiza opierata sie na danych pomiarowych stezen
PM;o oraz parametrach meteorologicznych z okresu 2020-2023, testujac rézne architektury
sieci neuronowych pod katem doktadnosci prognozy.

Z kolei w pracy [111] opisano system prognozowania zmian stezenia pytéw frakcji PMyg
i PMy 5 oparty na danych emisyjnych z automatycznych stacji pomiarowych Wojewddzkiego

28



Inspektoratu Ochrony Srodowiska w Warszawie oraz prognozach meteorologicznych z Interdy-
scyplinarnego Centrum Modelowania Matematycznego i Komputerowego Uniwersytetu War-
szawskiego. Wykorzystano sztuczne sieci neuronowe i maszyny wektorédw nosnych w trybie
regresji, a takze dekompozycje falkowa dla poprawy doktadnosci prognozy.

W badaniu [224] przeanalizowano szereg czasowy danych dotyczacych jako$ci powietrza
w oparciu o sie¢ 52 niskokosztowych czujnikédw rozmieszczonych w Krakowie i jego okoli-
cach, rejestrujacych dane co godzinge. Wyniki pokazaty, ze sie¢ niskokosztowych czujnikéw
w potaczeniu z uczeniem maszynowym skutecznie identyfikuje ekstremalne epizody zanieczysz-
czeh. W badaniu [102] autorzy zaproponowali metode krétkoterminowego prognozowania stezei
PMiq w Krakowie, wykorzystujac dane z sodaru do analizy wtasciwosci fizycznych atmosfery.
Badania opieraty sie na danych historycznych z lat 2017-2018 oraz na niezaleznych epizodach
wysokiego zanieczyszczenia z pazdziernika 2021 — marca 2022 w Krakowie. Wyniki wskazaty, ze
metoda z uzyciem sodaru jest szybka, tania i obiecujaca w przewidywaniu przekroczen dopusz-
czalnych stezen frakcji PMyo. W [66] zbadano wptyw réznych czynnikéw na epizody wysokiego
stezenia PM1g w Krakowie, wykorzystujac algorytm RF. Analiza opierata sie na danych z pu-
blicznego monitoringu jakosci powietrza oraz lokalnej stacji meteorologicznej, z zastosowaniem
klasyfikacji przypadkéw, w tym w sytucjach podwyzszonych stezen PM;q. Zastosowanie wspdt-
czesnych sieci neuronowych do prognozowania stezen frakcji PM1y w Krakowie i jego okolicach
analizowano takze w pracy [10I]. W [I55] oceniono wptyw asymilacji danych o ozonie po-
wierzchniowym i drobnym aerozolu na doktadnos¢ prognoz. Wykorzystano model WRF-Chem
oraz narzedzie Grid-point Statistical Interpolation, pokazujac poprawe doktadnosci prognoz Os.
Badanie [184] obejmowato analize stezen SO, w Krakowie. Innym badaniem wykorzystujacym
stacje pomiarowa z regionu Matopolski jest praca [65], w ktérej analizie poddano miasto Tar-
néw.

W badaniu [158] opisano rozwdj modeli sztucznych sieci neuronowych do prognozowania
maksymalnego godzinowego stezenia ozonu przyziemnego w lokalizacjach miejskich i wiejskich
w centralnej Polsce (stacje Belsk i Warszawa). Modele trenowano na danych meteorologicz-
nych i wczesniejszych stezeniach O3 z okresu kwiecien—wrzesien 2015, a jako zestaw testowy
wykorzystano dane z 2014 roku. Wyniki pokazaty umiarkowane btedy prognozy oraz tendencje
do niewielkiego przeszacowania wartosci w Belsku i niedoszacowania w Warszawie, przy czym
najwieksze btedy wystepowaty przy nagtych spadkach stezenia ozonu. Badanie [150] wykorzy-
stato sztuczne sieci neuronowe do prognozowania godzinnych stezen frakcji PMo w Tréjmiescie
w okresach zimowych. Modele uwzgledniajace dane pomiarowe i czynniki meteorologiczne osia-
gnety zadowalajace wyniki (R? od 0,452 do 0,848), potwierdzajac skutecznoéé ANN w przewidy-
waniu wartosci stezen zanieczyszczen. Praca [37] dotyczyta krétkoterminowego prognozowania
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pytéw zawieszonych PMyo i PM, s w czterech duzych aglomeracjach Polski na podstawie 10-
letnich danych pomiarowych. Testowano cztery modele: regresje krokowa, lasy losowe, XGBoost
i sieci neuronowe. Wyniki podkreslaja przydatnos¢ algorytmdw uczenia maszynowego i znaczenie
zmiennych meteorologicznych w modelowaniu jakosci powietrza. Prognozowanie godzinowych
stezen pytéw zawieszonych w Pszczynie (woj. $laskie) przedstawiono w [24].

Kujawska i in. poréwnata w pracy [107] r6zne modele uczenia maszynowego do prognozo-
wania frakcji PMig w Lublinie, uwzgledniajac dane meteorologiczne i chemiczne. Sie¢ neuro-
nowa uzyskata najlepsze wyniki (R = 0,89), skutecznie przewidujac ryzyko przekroczeh norm.
W badaniu [106] przeanalizowano prognozy jakosci powietrza w Polsce przy uzyciu modelu
WRF-Chem. W pracy [35] przeanalizowano stezenia PM1o w zimowym okresie grudzien—styczen
w latach 2009-2015 w odniesieniu do predkosci wiatru, na podstawie danych z trzech stacji Wo-
jewddzkiego Inspektoratu Ochrony Srodowiska w Poznaniu, w tym stacji w Piotrkowicach koto
duzej elektrocieptowni. Analiza umozliwita identyfikacje epizodéw smogowych (tzw. ,czarny
smog” ) oraz weryfikacje poprawnosci pomiardw imisji. Wyniki wykazaty, ze przy niskich pred-
koSciach wiatru stezenia PMyq byty wyzsze, a zanieczyszczenia mogty przemieszczaé sie zgodnie
z kierunkiem wiatru lub utrzymywac lokalnie przez dtuzszy czas. W pracy [58] zaproponowano
wykorzystanie perceptronowych modeli regresyjnych do prognozowania stezen zanieczyszczen
powietrza. Badania przeprowadzono na podstawie danych historycznych z Zabrza oraz Ztotego
Potoku (wojewddztwo $laskie).

Nielicznymi pracami, w ktérych zaprezentowano modele prognostyczne zwalidowane na
wiekszej liczbie stacji pomiarowych, sa artykuty [83] 88, 89, [169]. Prognozowanie stezen trzech
frakcji pytu zawieszonego (PMy, PMy 5 oraz PMyg) zrealizowano w badaniu [88]. Uzyto kilku
modeli uczenia maszynowego, w ktérym poréwnano efektywnos¢ algorytméw RF i DT z sieciami
RNN oraz LSTM. Jako$¢ prognoz oceniono na podstawie danych historycznych, pochodzacych
ze stacji pomiarowych zlokalizowanych w miastach: Bytom, Krakéw i Zywiec. W pracy [83]
oceniono dokfadno$¢ prognozowania stezen PM,s w oparciu o dane stezen PM;g z wyko-
rzystaniem sieci MLP w kilku monitoringowych stacjach w Polsce. Analiza opierata si¢ na
dtugoterminowych, godzinnych danych pomiarowych, przy uwzglednieniu silnej korelacji mie-
dzy stezeniami PM, s i PMyg. Wyniki pokazaty, ze modele MLP moga skutecznie estymowad
stezenia frakcji PM; s nawet w takich miejscach, gdzie bezposrednie pomiary tej frakcji nie
sg prowadzone. Eksperymenty przeprowadzono na bazie danych z Olsztyna, Ptocka, Radomia,
Lublina, Kedzierzyna-Kozla i Jeleniej Gory.

Natomiast w badaniu [89] analizowano dtugoterminowe trendy i zmienno$¢ przestrzenng
stezen PM1y w Polsce w latach 2019-2024, wykorzystujac dane z Europejskiego Systemu Mo-
nitoringu Jako$ci Powietrza dla dziewieciu lokalizacji obejmujacych aglomeracje (Warszawa,
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Krakéw, Katowice), miasta (Wroctaw, Poznan) oraz uzdrowiska (Ciechocinek, Ladek-Zdrdj,
Swinoujécie). Zastosowano zintegrowane podejscie statystyczne, taczace liniowe modele mie-
szane (ang. linear mixed models — LMM), modele addytywne i regresje kwantylowa. Wyniki
pokazaty, ze niezaleznie od réznorodnosci lokalizacji, zastosowane metody statystyczne dobrze
uchwycity zaréwno trendy czasowe, jak i sezonowe zmiennosci stezen PM;g, co wskazuje na ich
wysoka skuteczno$é w analizie zréznicowanych warunkéw Srodowiskowych. Badanie [169] anali-
zowato sezonowe zmiany stezenia i sktadu chemicznego PM; 5 w Katowicach, Gdansku i Diablej
Gérze. Najwyzsze stezenia odnotowano zimg w Katowicach, gdzie odnotowano podwyzszone
stezenia m.in. aerozoli wtérnych, i benzo(a)pirenu (BaP).

1.1.3 Podsumowanie

Analiza zaprezentowanej literatury wskazuje, ze prognozowanie stezen zanieczyszczen powie-
trza stanowi ztozone zadanie badawcze, realizowane z wykorzystaniem réznych grup metod.
W prowadzonych badaniach zastosowanie znajduja zaréwno klasyczne podejscia statystyczne,
jak i metody uczenia maszynowego, uczenia gtebokiego oraz rozwigzania hybrydowe.

W literaturze $wiatowej obserwuje sie stopniowe przechodzenie od prostszych modeli li-
niowych i autoregresyjnych w kierunku metod umozliwiajacych odwzorowanie nieliniowych za-
lezno$ci wystepujacych w danych Srodowiskowych. Szczegdlne znaczenie maja w tym zakresie
metody uczenia maszynowego oraz uczenia gfebokiego, ktére pozwalaja na analize duzych
zbioréw danych, uwzglednianie wielu zmiennych wejsSciowych oraz modelowanie zaleznosci cza-
sowych i czasowo-przestrzennych. W wielu badaniach wykorzystywane sa réwniez rozwigzania
hybrydowe, taczace rézne algorytmy w celu poprawy doktadnosci prognoz oraz ograniczenia
btedéw predykgji.

Istotnym elementem rozwoju metod prognostycznych jest takze rozszerzanie zakresu da-
nych wejsciowych. Oprécz historycznych stezen zanieczyszczen coraz czesciej wykorzystywane
sg dane meteorologiczne, informacje sezonowe, dane pochodzace z sasiednich stacji pomiaro-
wych, a takze wyniki pomiaréw z niskokosztowych czujnikéw, sieci sensorowych, systeméw loT
oraz platform mobilnych. Takie podejscie umozliwia lepsze odwzorowanie zmiennosci jakosci
powietrza, jednak jednoczesnie zwieksza wymagania dotyczace jakosci danych, ich kompletno-
$ci, wstepnego przetwarzania oraz walidacji modeli.

Analiza badan prowadzonych w Polsce wskazuje, ze uwzglednione w przegladzie krajowe
prace koncentruja sie przede wszystkim na prognozowaniu stezen pytdw zawieszonych frakcji
PMio i PMy s, z wykorzystaniem zaréwno klasycznych metod statystycznych, jak i algorytmoéw
uczenia maszynowego oraz gtebokiego. Jednoczesnie znaczna czes¢ analiz dotyczy wybranych
miast, regionéw lub ograniczonej liczby stacji pomiarowych. Powoduje to, ze ocena skutecznosci
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modeli w zréznicowanych warunkach srodowiskowych, obejmujacych odmienne uwarunkowania
meteorologiczne, emisyjne i przestrzenne, pozostaje zagadnieniem wymagajacym dalszej analizy.

Przeprowadzona analiza literatury w zakresie przedmiotu pracy pozwala stwierdzi¢, ze sku-
teczno$¢ prognozowania stezen zanieczyszczeh powietrza zalezy nie tylko od zastosowanego
algorytmu, lecz takze od sposobu przygotowania danych, doboru zmiennych wejsciowych, przy-
jetej procedury walidacyjnej oraz charakterystyki analizowanego obszaru. Szczegdlne znaczenie
ma mozliwo$¢ pordwnania dziatania modeli w réznych lokalizacjach i warunkach $rodowisko-
wych, poniewaz pozwala to oceni¢ ich stabilno$¢ oraz potencjalng uzytecznos¢ praktyczna.
Whioski te stanowity podstawe do podjecia badan przedstawionych w niniejszej pracy, ktérych
zatozenia, teze oraz cel oméwiono w kolejnym podrozdziale.

1.2 Motywacja, teza i cel pracy

Analiza literatury wskazuje, ze wiekszo$¢ badan nad prognozowaniem stezen zanieczyszczen po-
wietrza w Polsce ogranicza sie do stosunkowo niewielkiej liczby stacji pomiarowych lub regionéw
o homogenicznych warunkach srodowiskowych, co utrudnia ocene zdolnosci modeli do genera-
lizacji. Badania wykazuja takze silne uzaleznienie wynikéw prognoz od lokalnych uwarunkowan
geograficznych, klimatycznych, czy charakterystyki zrédet emisji. W konsekwencji, konieczne
wydaje sie dostosowanie architektury modeli do specyfiki lokalnej, uwzgledniajac zmienno$é me-
teorologiczng i geograficzng oraz stosowanie szerokich zestawdw danych obejmujacych rézne
typy lokalizacji. Podejscie takie jest kluczowe przy poréwnywaniu wynikéw badan oraz wdraza-
niu systemdéw prognozujacych stezenia zanieczyszczen w réznych czesciach kraju oraz wskazuje
na potrzebe przeprowadzenia analiz w szerszej skali przestrzennej, z uwzglednieniem danych
pochodzacych z réznorodnych lokalizacji.
W zwigzku z tym zaproponowano nastepujacy teze niniejszej pracy:

Metody gtebokiego uczenia, zastosowane do prognozowania stezen wybranych zanieczyszczen
powietrza (w tym pytéw zawieszonych frakcji PMyy i PMy s ), na podstawie danych historycz-
nych pochodzacych z wielu geograficznie i Srodowiskowo zréznicowanych lokalizacji w Polsce,
zapewniajg wyzszg oraz bardziej stabilng jakosS¢ predykcji w krotkoterminowych horyzontach

prognozy niz klasyczne modele statystyczne i regresyjne w analizowanym zbiorze danych.

Gtéwnym celem rozprawy jest opracowanie, implementacja oraz ocena efektywnosci nowo-
czesnych metod gtebokiego uczenia w krétkoterminowym prognozowaniu stezen pytéw zawie-
szonych i wybranych gazéw zanieczyszczajacych powietrze w Polsce, ze szczegdlnym uwzgled-
nieniem zréznicowanych warunkdéw geograficznych, klimatycznych oraz typéw obszaréw, obej-
mujacych obszary metropolitalne, miasta sredniej wielkoSci i obszary wiejskie.
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Istotnym i nowatorskim elementem podejScia jest wykorzystanie danych pochodzacych

z wielu geograficznie i Srodowiskowo zréznicowanych lokalizacji w Polsce, co stanowi gtéwny

aspekt nowosci i pozwala na analize zdolnos$ci modeli do generalizacji. Skuteczno$¢ wybranych

architektur gtebokiego uczenia poréwnano z klasycznymi modelami statystycznymi i regresyj-

nymi, traktowanymi jako metody referencyjne. Oceny dokonano dla wybranych zanieczyszczen

powietrza oraz réznych krotkoterminowych horyzontéw prognozy.

Zakres rozprawy obejmuje:

(1) Przeglad literatury dotyczacy metod prognozowania stezeh zanieczyszczen powietrza

w Polsce i na Swiecie, ze szczegdlnym uwzglednieniem metod opartych na danych, w tym

metod statystycznych, metod uczenia maszynowego, uczenia gtebokiego oraz rozwiazan

hybrydowych;

Pozyskanie, uporzadkowanie i przygotowanie historycznych danych pomiarowych pocho-

dzacych z automatycznych stacji monitoringu jako$ci powietrza funkcjonujacych w ra-

mach Pafstwowego Monitoringu Srodowiska, udostepnianych przez Gtéwny Inspektorat

Ochrony Srodowiska, obejmujacych:

(a)

(d)

Dane godzinowe z dnia 2 stycznia 2022 r. dla o$miu zanieczyszczen powietrza: CgHg,
CO, NO, NO,, NO,, O3, PMyg i SO,, ze stacji zlokalizowanych w Jeleniej Gérze,
Wroctawiu, Gorzowie Wielkopolskim, Sulecinie, Zakopanem, Gdansku, Czestocho-
wie i Koszalinie;

Dane dobowe z okresu od 1 stycznia do 31 grudnia 2022 r. dla pytu zawieszonego
frakcji PMyg oraz As, Cd, Ni i Pb, ze stacji zlokalizowanych w Watbrzychu, Toruniu,
Zaganiu, Krakowie, Mielcu, Katowicach, Puszczy Boreckiej i Szczecinie;

Dane dotyczace stezenn PMyg i PMy 5 z okresu od 1 stycznia do 31 grudnia 2022 r. ze
stacji w Zielonce Bory Tucholskie, Zakopanem, Czestochowie, Gliwicach/Knurowie
oraz Szczecinie, uzupetnione w wybranych wariantach o dane meteorologiczne z plat-
formy Meteostat;

Dodatkowe dane pomiarowe z lat 2023-2024, wykorzystane do oceny stabilnosci
oraz zdolnosci uogdlniania opracowanych modeli w kolejnych okresach pomiarowych.

(3) Analize danych pomiarowych pochodzacych ze stacji reprezentujacych rézne warunki

Srodowiskowe i emisyjne w Polsce, w tym lokalizacje miejskie, przemystowe, gorskie,
wiejskie oraz obszary tta regionalnego;
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(4)

Uwzglednienie w badaniach réznych grup zanieczyszczeh powietrza, obejmujacych pyty
zawieszone frakcji PMyg i PM, 5, wybrane gazy zanieczyszczajace powietrze, takie jak
C6H6, CO, NO, NOQ, NOX, 03 i SO2, a takze AS, Cd, Ni i Pb,

Przygotowanie wariantéw eksperymentalnych opartych na historycznych stezeniach za-
nieczyszczeh oraz, w wybranych pracach, na dodatkowych danych meteorologicznych,
obejmujacych temperature, predkos¢ i kierunek wiatru oraz ci$nienie atmosferyczne;

Opracowanie i implementacje metod krotkoterminowego prognozowania stezen zanie-
czyszczen powietrza opartych na architekturach uczenia gtebokiego, w tym (m.in.): TCN,
FCN, GRU, xLSTM, KAN, TFT oraz modelach autoenkoderowych i hybrydowych;

Przeprowadzenie eksperymentéw dla réznych konfiguracji danych wejéciowych, w tym
z wykorzystaniem okien historycznych obejmujacych 3, 5 oraz 7 wczesniejszych wartosci
pomiarowych, a takze wariantéw z uwzglednieniem i bez uwzglednienia danych meteoro-
logicznych;

Poréwnanie skutecznosci zaproponowanych metod z metodami referencyjnymi, obejmu-
jacymi klasyczne i powszechnie stosowane podejscia prognostyczne, takie jak wygtadzanie

wyktadnicze, metoda Holta-Wintersa, ARIMA, ARIMAX, RF, MLP, RNN, LSTM, k-NNR
oraz regresja liniowa;

Ocene efektywnosci zaproponowanych metod z wykorzystaniem standardowych miar ja-
kodci predykcji, takich jak MAE, MAPE, MSE, RMSE oraz R?, a takze analize stabilnosci
wynikéw w odniesieniu do rodzaju zanieczyszczenia, lokalizacji stacji pomiarowej, konfi-
guracji danych wejsciowych oraz analizowanego okresu pomiarowego;

Weryfikacje mozliwosci zastosowania opracowanych metod do krétkoterminowego pro-
gnozowania stezen zanieczyszczen powietrza w zréznicowanych warunkach srodowisko-
wych Polski, z uwzglednieniem lokalizacji miejskich, przemystowych, gérskich, wiejskich
oraz obszaréw tta regionalnego.

Rdzen metodologiczny rozprawy stanowi zatem analiza i poréwnanie wybranych architektur

gtebokiego uczenia w zadaniu prognozowania stezen zanieczyszczen powietrza na podstawie

danych historycznych, z uwzglednieniem danych pochodzacych z wielu lokalizacji. Poszczegdlne

czesci pracy oraz powigzane publikacje przedstawiaja natomiast rézne aspekty aplikacyjne tego

podejscia, w tym analize wptywu zréznicowania przestrzennego danych oraz zdolnos$ci modeli

do generalizacji.
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Rozprawa jest oparta na wynikach badan przedstawionych w publikacjach naukowych two-
rzacych spdjny cykl tematyczny, obejmujacych artykuty opublikowane oraz artykut konferen-
cyjny, ktéry zostat zaprezentowany podczas miedzynarodowej konferencji 25" International
Conference on Artificial Intelligence and Soft Computing (ICAISC 2026) i zaakceptowany do
publikacji w recenzowanych materiatach Springer LNAI (Lecture Notes in Artificial Intelligence).

1.3 Uktad pracy

Praca sktada sie z pieciu rozdziatéw, a jej struktura zostata dostosowana do formatu rozpra-
wy doktorskiej przygotowanej na podstawie publikacji naukowych powigzanych tematycznie
z jej problematyka. W rozdziale [2| formalnie zdefiniowano zadanie prognozowania dla szeregéw
czasowych, przedstawiono zarys architektur sieci neuronowych stosowanych w rozprawie, scha-
rakteryzowano wykorzystane miary oceny jakosci predykcji oraz szczegétowo opisano procedure
walidacyjng zapewniajaca poprawnos¢ i poréwnywalnosé przeprowadzonych eksperymentéw.
W rozdziale 3| przedstawiono krétka charakterystyke wynikéw badan i analiz zaprezentowanych
szczeg6towo w siedmiu pracach naukowych powigzanych tematycznie z rozprawg, w tym pieciu
o zasiegu miedzynarodowym, indeksowanych w bazie Web of Science, ktérych dane bibliogra-
ficzne zestawiono w tab. . Przeglad literatury zostat przedstawiony w pracy Al [18], nato-
miast prace A2—A7 prezentuja wyniki przeprowadzonych analiz i obliczen [14] (15} [16], [17, 19} [20].
Rozdziat[4] przedstawia dodatkowe wyniki badan, ktérym poddano zaproponowane metody w ce-
lu weryfikacji ich skutecznosci dla danych pomiarowych pochodzacych z lat 2023 i 2024. W roz-
dziale |5 podsumowano wnioski wynikajace z przeprowadzonych badan oraz wskazano mozliwe
kierunki dalszych analiz. W rozdziale dodatkowym [A] zamieszczono teksty publikacji, potwier-
dzenia dotyczace statusu publikacyjnego oraz wymagane o$wiadczenia, w tym charakterystyke
zakresu prac wykonanych przez autora niniejszej rozprawy. Ponadto, w rozdziale oznaczonym
jako dodatek [B] do niniejszej pracy krétko scharakteryzowano poprzednia rozprawe doktorska
autora, obroniong w dyscyplinie informatyka techniczna i telekomunikacja. Przedstawiono za-
fozenia badawcze, teze i cel pracy, publikacje oraz podsumowano uzyskane wyniki.

1.4 Konwencje

W niektérych przypadkach, aby uniknaé niejasnosci, przytoczone s3 oryginalne (angielskie)
nazwy pojec¢, ktérych ttumaczenie nie jest jednoznaczne lub mogtoby sie okazac kontrowersyjne.
W opisach formalnych czcionka pogrubiong oznaczono wektory.
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Tabela 1.2. Wykaz artykutéw oraz publikacji konferencyjnej przyjetej do druku, powigzanych

tematycznie z rozprawa doktorsky. W tabeli podano status publikacyjny, punktacje wedtug

wtasciwego wykazu ministerialnego oraz wartos¢ piecioletniego wspétczynnika Impact Factor

(IF), jezeli dotyczy.

L.p.

Petny opis bibliograficzny

Pkt.

IF

Al

J. Bernacki, R. Scherer (2025): A Comprehensive Review of Data-
Driven Techniques for Air Pollution Concentration Forecasting. Sen-
sors (MDPI); 25(19), 6044, Q2

100

4,0

A2

J. Bernacki (2025): Forecasting the air pollution concentration with
neural networks. Urban Climate (Elsevier); Vol. 59 102262, Q1

100

6,9

A3

J. Bernacki (2025): Forecasting the concentration of the compo-
nents of the particulate matter in Poland using neural networks.
Environmental Science and Pollution Research (Springer); Vol. 32,
pp 9179-9212, Q1

100

5,8

A4

J. Bernacki (2025): A hybrid transformer and symbolic regression
model for weather-dependent particulate matter forecasting in air
quality management. Theoretical and Applied Climatology (Sprin-
ger); Vol. 156, No. 662, Q2

70

3,2

A5

J. Bernacki (2025): Particulate Matter Forecasting Using Hybrid Au-
toencoders: The Role of Meteorological Data. Annales UMCS Sectio
B — Geographia, Geologia, Mineralogia et Petrographia, Vol. 80, pp
265-283, Q3

40

A6

J. Bernacki, I. Séwka: Forecasting Particulate Matter with Neural
Networks: Accuracy and Explainability using Meteorological Data.
Zaakceptowana i przedstawiona podczas 25" International Confe-
rence on Artificial Intelligence and Soft Computing

20

AT

J. Bernacki, I. Séwka: Forecasting Particulate Matter Concentrations
with Deep Neural Networks Using Meteorological Data. Zeszyty Na-
ukowe SGSP 2026, No. 98(1)

70

)X

500

19,9
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Ze wzgledu na wymogi poprawy dostepnosci cyfrowej (obejmujacej m.in. zalecenia wynika-
jace ze stosowania standardu WCAG 2.2), niniejsza rozprawa zostata zredagowana z wykorzy-
staniem czcionki bezszeryfowe;.
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Rozdziat 2

Podstawy metodyczne prognozowania
stezen zanieczyszczen powietrza
z wykorzystaniem uczenia gtebokiego

W rozdziale przedstawiono podstawy metodyczne wykorzystane w badaniach dotyczacych krét-
koterminowego prognozowania stezen zanieczyszczen powietrza. W odréznieniu od przegladu
literatury zaprezentowanego w rozdziale [I] niniejsza cze$¢ koncentruje sie na zagadnieniach
bezposrednio zwigzanych z realizacjg analiz wtasnych, obejmujacych modelowanie szeregéw
czasowych, zastosowanie metod uczenia gtebokiego, procedure walidacyjng, dobér miar jako-
$ci predykcji oraz analize statystyczng wynikéw. Przedstawione zagadnienia stanowig podstawe
metodyczna dla opisu publikacji zaprezentowanych w rozdz. [3| i zataczonych w rozdziale do-
datkowym [A] oraz dodatkowych wynikéw badan przedstawionych w rozdz. 4]

2.1 Szeregi czasowe i zadanie prognozowania

Szeregiem czasowym okre$la sie uporzadkowana sekwencje obserwacji pewnej wielkosci w ko-
lejnych punktach czasowych. W niniejszej rozprawie przez szereg czasowy bedziemy rozumieé
wszystkie obserwacje stezen wybranych zanieczyszczen powietrza i towarzyszacych im parame-
tréw meteorologicznych, zebrane w kolejnych punktach czasowych na poszczegdlnych stacjach
pomiarowych.

Formalnie, szereg czasowy y mozna zdefiniowaé nastepujaco. Niech:

e {y}], bedzie obserwowanym szeregiem czasowym (zawierajacym historyczne wartosci
stezenia zanieczyszczen powietrza w kolejnych odstepach czasowych);
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e t — indeks czasowy (np. godzina, doba);

e T — ostatni znany moment obserwacji.

W praktyce, szereg czasowy moze wiec by¢ wektorem o nastepujacej postaci:

Yy = [, Y2, Y1)

gdzie y1 oznacza warto$¢ obserwacji w jednostce czasu t. Zaréwno historyczne stezenia zanie-
czyszczen (np. CgHg, NO,, PMys, itd.) , jak i historyczne wartosci danych meteorologicznych,
powinny by¢ reprezentowane za pomoca osobnych szeregdéw czasowych [23] 55, [62].

Zadanie prognozowania h-krokowego (ang. h-step ahead forecasting) polega na estymacji
przysztych wartosci [75, [78]:

Yren7T dla h=12 .. H

gdzie:

® JrinT — prognoza wartosci yry, zbudowana na podstawie informacji dostepnych do
momentu T wiacznie;

e H — horyzont prognozowania (liczba krokéw do przodu, ktére maja byé prognozowane).

2.2 Uczenie gtebokie i sztuczne sieci neuronowe

Uczenie gtebokie (ang. deep learning — DL) jest poddziedzing uczenia maszynowego, w kté-
rej modele oparte na wielowarstwowych sieciach neuronowych uczg sie ztozonych reprezentacji
danych poprzez automatyczne wydobywanie cech na kolejnych poziomach abstrakcji. Metody
uczenia gtebokiego wykorzystuje sie do wykonywania zadan takich jak klasyfikacja, regresja, pro-
gnozowanie czy uczenie reprezentacji. Inspiracja dla uczenia gtebokiego sa biologiczne sieci neu-
ronowe w mézgu cztowieka, w ktérych miliardy potaczonych neuronédw przetwarzaja informacje
rownocze$nie, tworzac ztozone wzorce zachowan i percepcji [113]. Gtéwnym narzedziem uczenia
gtebokiego sa sieci neuronowe, ktére dzieki réznorodnym typom i architekturom moga by¢ do-
pasowane do réznych zastosowan, w tym prognozowania danych sekwencyjnych [46], [124] [220].

Sztuczne sieci neuronowe (ang. artificial neural networks — ANN) stanowig klase mode-
li obliczeniowych inspirowanych sposobem przetwarzania informacji w biologicznych uktadach
nerwowych. Ich istotg jest zdolno$¢ do aproksymacji ztozonych, nieliniowych zaleznosci po-
miedzy danymi wejSciowymi i wyjsciowymi na podstawie przyktadéw uczacych. Podstawowym
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elementem sieci neuronowej jest sztuczny neuron, ktéry realizuje operacje wazonej sumy sy-
gnatéw wejsciowych, do ktérej nastepnie stosowana jest funkcja aktywacji. Formalnie, wyjscie
pojedynczego neuronu y mozna zapisa¢ jako

y=f (z wixi + b) , (2.1)

i=1
gdzie:
e Xx; — sygnaty wejSciowe oraz w; — odpowiadajace im wagi;
e b — wyraz wolny (ang. bias);
e f(-) — funkcja aktywacji.

W praktyce najczesciej stosowane sa nieliniowe funkcje aktywacji, takie jak funkcja ReLU (ang.
rectified linear unit), funkcja sigmoidalna czy tangens hiperboliczny.

Neurony organizowane s3 w warstwy, tworzac architekture sieci neuronowej. Typowa sie¢
sktada sie z warstwy wejSciowej, jednej lub wielu warstw ukrytych oraz warstwy wyjsciowe;j. Sieci
zawierajace wiecej niz jedna warstwe ukryty okre$lane s3 mianem sieci gtebokich (ang. deep
neural networks), a ich zastosowanie pozwala na hierarchiczne przetwarzanie informacji i eks-
trakcje cech o rosnacym poziomie abstrakcji [189].

Proces uczenia sieci neuronowej polega na optymalizacji warto$ci wag i biaséw w celu mi-
nimalizacji funkgji kosztu, opisujacej réznice pomiedzy wartosciami przewidywanymi przez mo-
del a danymi referencyjnymi. W zadaniach regresyjnych, takich jak prognozowanie, powszech-
nie stosowane sa funkcje kosztu oparte na btedach sredniokwadratowych lub bezwzglednych.
Optymalizacja realizowana jest najczesciej z wykorzystaniem algorytmu wstecznej propagacji
btedu (ang. backpropagation) w potaczeniu z metodami gradientowymi, takimi jak algorytm
Adam [170, 211].

Niepozadanym zjawiskiem towarzyszacym uczeniu sztucznych sieci neuronowych jest ryzy-
ko przeuczenia modelu (ang. overfitting), polegajace na nadmiernym dopasowaniu do danych
uczacych kosztem zdolnosci generalizacji. W celu ograniczenia tego zjawiska powszechnie sto-
sowane s3 techniki regularyzacji, takie jak wczesne zatrzymanie procesu uczenia (ang. early
stopping), normalizacja danych wejéciowych oraz losowe wytaczanie neurondéw w trakcie uczenia
(ang. dropout). Mechanizm ten polega na tymczasowym usuwaniu czesci potaczen sieciowych,
co zapobiega nadmiernej wspotzaleznosci neurondéw i sprzyja uczeniu bardziej uogdélnionych
reprezentacji. Odpowiedni dobér architektury sieci oraz strategii regularyzacji stanowi istotny
element projektowania modeli neuronowych o wysokiej skuteczno$ci predykcyjnej [47, [103].
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W kontekscie analizy szeregdw czasowych rozumianej jako prognozowanie, kluczowa role
odgrywa sposéb konstrukcji danych wejéciowych. Dane pomiarowe organizowane s3 zazwy-
czaj w postaci sekwencji obejmujacych okreslone okno czasowe, na podstawie ktérego model
generuje prognoze dla wybranego horyzontu czasowego.

2.3 Rodzaje sieci neuronowych

Sieci konwolucyjne i temporalne Sieci konwolucyjne (ang. convolutional neural networks —
CNN) stanowia klase modeli gtebokiego uczenia, w ktérych podstawowa operacja przetwarzania
danych jest splot. Cho¢ architektury te zostaty pierwotnie zaprojektowane z mysla o analizie
danych obrazowych, ich koncepcja zostata z powodzeniem zaadaptowana réwniez do analizy
szeregdw czasowych, w ktérych dane maja postal jednowymiarowych sekwencji obserwacji
uporzadkowanych w czasie [121] 153].

W przypadku szeregéw czasowych stosuje sie najczesciej splot jednowymiarowy, w ktérym
filtr konwolucyjny przesuwany jest wzdtuz osi czasu. Filtr taki stanowi wektor wag o okreslo-
nej dtugosci, zwanej rozmiarem jadra, i umozliwia lokalne przetwarzanie fragmentéw sekwencji
wejsciowej. Wynikiem operacji splotu jest nowa sekwencja, okreslana jako mapa cech, odzwier-
ciedlajaca obecnos$¢ okreslonych wzorcéw czasowych w danych. Istotnym pojeciem w sieciach
konwolucyjnych jest pole recepcyjne (czesciej okreslane jako okno), ktére okresla zakres danych
wejsciowych wptywajacych na pojedynczy element mapy cech. Zasieg ten moze by¢ dodatkowo
kontrolowany poprzez stosowanie parametréw takich jak krok przesuwania filtra (ang. stride)
oraz dopetnianie sekwencji wejsciowej (ang. padding). W architekturach konwolucyjnych czesto
stosuje sie réwniez operacje redukcji wymiarowosci, takie jak warstwy grupujace (ang. pooling),
ktére agreguja informacje z lokalnych fragmentéw map cech [147].

Rozszerzeniem klasycznego splotu s3 sploty z dylatacja (ang. dilations), ktére s3 stosowane
w sieciach konwolucyjnych temporalnych (TCN). Celem splotéw z dylatacja jest wprowadzenie
pomiedzy kolejne elementy filtra ,przerw” [112] 219]. Pozwala to na zwigkszenie pola recep-
cyjnego bez proporcjonalnego wzrostu liczby parametréw modelu. Mechanizm ten znajduje
zastosowanie w analizie dtugich sekwencji czasowych, gdzie istotne sg zaleznosci wystepujace
w réznych skalach czasowych [97, [153].

Sieci konwolucyjne moga by¢ stosowane zaréwno do analizy pojedynczych szeregéw cza-
sowych, jak i do przetwarzania danych wielowymiarowych, w ktérych kazdy kanat wejsciowy
reprezentuje odrebng zmienng czasowa. Dzigki temu architektury konwolucyjne stanowig uni-
wersalne narzedzie do ekstrakcji cech z danych sekwencyjnych, niezaleznie od dziedziny zasto-
sowania [56), (194} 203].
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Sieci rekurencyjne Sieci rekurencyjne (RNN) stanowia jedng z klasycznych grup modeli neu-
ronowych przeznaczonych do analizy danych sekwencyjnych, w tym szeregdw czasowych. Ich
kluczowg cechga jest obecno$¢ potaczen zwrotnych, umozliwiajacych przekazywanie informacji
pomiedzy kolejnymi krokami czasowymi. Dzieki temu model moze wykorzystywac informacje
o przesztych obserwacjach przy generowaniu predykcji dla kolejnych chwil czasowych. Klasycz-
ne sieci RNN cechuja sie jednak ograniczong zdolnoscia do modelowania dtugoterminowych
zaleznosci czasowych, co wynika z problemu zanikania gradientu podczas procesu uczenia [42].

W celu przezwyciezenia w literaturze pojawity sie bardziej zaawansowane architektury reku-
rencyjne, takie jak sieci LSTM [68] oraz GRU [40], wykorzystujace mechanizmy bramkowania do
kontrolowania przeptywu informacji w czasie. Rozwiagzania te umozliwiajg selektywne zapamie-
tywanie i ,zapominanie” informacji, co znaczaco poprawia skuteczno$¢ modelowania zaleznosci
dtugookresowych w szeregach czasowych. W ostatnich latach pojawity sie rowniez rozszerzenia
klasycznych architektur, takie jak xXLSTM, ktére wprowadzaja dodatkowe mechanizmy adapta-
cyjne oraz skalowalne struktury pamieci, zwiekszajac stabilnos¢ uczenia i zdolnos¢ modelowania
ztozonych dynamik czasowych w dtugich sekwencjach [12].

Autoenkodery Autoenkodery (ang. autoencoders) sa architekturg sieci neuronowej, pier-
wotnie stosowang do kompresji i rekonstrukcji danych. W kontekscie prognozowania szeregéw
czasowych ich architektura moze zostaé przystosowana do generowania wartosci przysztych
obserwacji zamiast wiernej rekonstrukcji wejscia. Standardowy autoenkoder sktada sie z enko-
dera, ktory przeksztatca fragment historycznego szeregu czasowego do zwartej reprezentacji
(tzw. ukrytej) oraz z dekodera, ktéry generuje prognozy kolejnych punktéw w szeregu czaso-
wym [11 [160].

Prognozujace autoenkodery wykorzystujg zdolno$¢ enkodera do wychwycenia kluczowych
wzorcow i zalezno$ci w danych historycznych, w tym sezonowosci, trendéw oraz krétkotermino-
wych fluktuacji. Dekoder natomiast przeksztafca te reprezentacje w prognoze przysztych war-
tosci. W praktyce stosuje sie rozne warianty autoenkoderéw, m.in. konwolucyjno-rekurencyjne
(CAE) [73, 217], ktére w enkoderze wykorzystuja warstwy konwolucyjne oraz komérki LSTM
lub GRU, autoenkodery hierarchiczne (HA) [206] oraz autoenkodery wariancyjne (VAE) [45],
ktére wprowadzaja probabilistyczng reprezentacje ukryty, pozwalajaca uwzgledni¢ niepewnosé
prognoz.

Sieci typu transformer Modele typu transformer stanowia klase architektur opartych na

mechanizmie uwagi (ang. attention), pierwotnie zaprojektowanych do przetwarzania sekwengji
w zadaniach przetwarzania jezyka naturalnego. W ostatnich latach zyskaty one jednak istotne
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znaczenie rowniez w analizie i prognozowaniu szeregéw czasowych, stanowiac alternatywe dla
klasycznych sieci rekurencyjnych oraz konwolucyjnych.

Podstawowym elementem transformera jest mechanizm samo-uwagi (ang. self-attention),
ktéry umozliwia modelowi jednoczesne uwzglednienie zaleznosci pomiedzy wszystkimi elemen-
tami sekwencji wejsciowej, niezaleznie od ich odlegtosci czasowej. W odrdéznieniu od sieci re-
kurencyjnych, transformery nie przetwarzaja danych sekwencyjnie, lecz réwnolegle, co pozwala
znaczaco przyspieszyé proces uczenia. Zaleznosci temporalne s3 kodowane za pomoca mecha-
nizméw pozycjonowania (ang. positional encoding), ktére dostarczaja informacji o kolejnosci
obserwacji w szeregu czasowym [125], [195].

W kontekscie prognozowania szeregdw czasowych, modele transformerowe s3 wykorzysty-
wane zaréwno do predykcji jednego kroku w przéd, jak i prognoz wielohoryzontowych. Da-
ne wejsciowe moga obejmowac wytacznie historyczne obserwacje analizowanej zmiennej lub
by¢ rozszerzone o dodatkowe cechy. Architektura transformera umozliwia elastyczne taczenie
informacji pochodzacych z réznych zrédet bez koniecznosdci recznego definiowania struktury
zaleznosci czasowych [205] 226].

2.4 Procedura walidacyjna i schemat eksperymentalny

Procedura walidacyjna zostata zaprojektowana w sposéb zapewniajacy poréwnywalno$¢ mode-
li, zachowanie porzadku czasowego danych oraz eliminacje ryzyka przecieku informacji miedzy
etapem uczenia i testowania modeli. W szczegdlnosci, w analizach wykorzystywano podejscie
oparte na przesuwajacym sie oknie czasowym (ang. sliding window), co pozwalato na realistycz-
ne odwzorowanie warunkéw prognozowania szeregdw czasowych. W wybranych eksperymentach
stosowano réwniez chronologiczny podziat danych na zbiory uczacy, walidacyjny i testowy.

Proces doboru architektur oraz ich parametréw realizowano eksperymentalnie, poprzez ana-
lize jakosci uzyskiwanych predykgji dla réznych konfiguracji modeli. Niezaleznie od szczegdto-
wych ustawien poszczegélnych eksperymentéw, zachowano spdjne zatozenia metodologiczne,
obejmujace wykorzystanie wytacznie danych historycznych na etapie uczenia, stosowanie wspol-
nych schematéw oceny oraz zapewnienie poréwnywalnosci analizowanych podej$¢ w ramach da-
nego eksperymentu. Dodatkowo, w celu ograniczenia ryzyka przeuczenia modeli, w wybranych
pracach zastosowano mechanizm wczesnego zatrzymania (ang. early stopping), polegajacy na
przerwaniu procesu uczenia w przypadku braku poprawy jakosci predykcji w kolejnych epokach
(z cierpliwo$cia wynoszaca 20 epok).
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2.5 Miary bteddéw i ocena jakosci predykcji

Ocena jakosci modeli prognostycznych w zadaniach prognozowania pozwala poréwnywaé okre-
$lone metody, a takze okresli¢ ich jako$¢. Niech x; oznacza warto$¢ obserwowang, a y; wartos¢
prognozowana. W niniejszej pracy wykorzystano klasyczne miary btedéw regresji, do ktérych
naleza:

e Sredni btad bezwzgledny (ang. mean absolute error — MAE) [207]:

1 N
MAE = — Z |_y, — X,'| ) (22)
N =

Sredni procentowy btad bezwzgledny (ang. mean absolute percentage error — MAPE) [33]:

100 N
MAPE = W - Z (2.3)
e Btad sredniokwadratowy (ang. mean squared error — MSE) [33]:
1Y >
MSE = N Z (vi—x)°, (2.4)

Pierwiastek btedu $redniokwadratowego (ang. root mean squared error — RMSE) [207]:

RMSE = v/MSE. (2.5)
e Wspétczynnik determinacji (R?) [33]:
N
Z(Xi _yl)2
RP=1-"7 (2.6)

gdzie X oznacza Srednig warto$é¢ obserwowana.

Miary MAE oraz MAPE informuja o Sredniej wielkosci btedu niezaleznie od kierunku od-
chylenia. MSE i RMSE s3 wrazliwe na duze odchylenia, co umozliwia wychwycenie btedéw
prognozy. Wspétczynnik R? przyjmuje wartosci z przedziatu [0, 1], gdzie 0 oznacza brak dopa-
sowania, a 1 petne dopasowanie.
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Tabela 2.1. Miary btedéw stosowane w cyklu publikacji tworzacym rozprawe

Miara  Artykuty

MAE A2, A3, A4, A5, A6, A7
MAPE A2

MSE A2, A3, A4, A5 A6
RMSE A2, A3, A4, A6

R? A6, A7

Wykorzystanie okreslonych miar w rozwazanych publikacjach zestawiono w tab. 2.1]

Miary oceny jakosci modeli prognostycznych z publikacji A4—A7, zostaty obliczone dla war-
tosci znormalizowanych. W przeprowadzonych eksperymentach nie wykonywano operacji od-
wrotnej transformacji (odnormalizowania) wartosci prognozowanych ani obserwowanych przed
wyznaczeniem wskaznikéow btedu. Dzieki temu mozliwe byto bezposrednie poréwnanie jako-
$ci modeli trenowanych i ocenianych przy wykorzystaniu znormalizowanych danych. Wyjatek
stanowig publikacje A2 i A3, w ktérych nie stosowano normalizacji danych, a miary jakosci
wyznaczono bezposrednio dla wartosci w ich oryginalnej skali.

2.6 Analiza statystyczna wynikéw

Weryfikacja statystyczna oparta na testowaniu hipotez pozwala odpowiedzie¢ na pytanie, czy
prognozy wygenerowane przez proponowane modele, réznia sie istotnie od danych historycz-
nych. W niniejszej rozprawie wszystkie testy przeprowadzono na poziomie istotnosci o = 0,05.

Testy normalnosci rozktadu

Weryfikacje hipotez rozpoczyna sie od testéw normalnosci rozktadu. W tym celu mozna uzy¢
testu Shapiro-Wilka, a hipotezy zdefiniowane s3 nastepujaco [179]:

e Hy: Analizowane préby sg zgodne z rozktadem normalnym;
e H;: Analizowane préby nie sa zgodne z rozktadem normalnym.

W celu weryfikacji hipotezy zerowej oblicza sie statystyke testu Shapiro-Wilka S, a nastepnie
odpowiadajaca jej warto$¢ p (ang. p-value). Otrzymang warto$¢ p poréwnuje sie z przyjetym
poziomem istotnosci «. Jezeli p > «a, nie ma podstaw do odrzucenia hipotezy zerowej H.
Natomiast, gdy p < «, hipoteza zerowa zostaje odrzucona na rzecz hipotezy alternatywnej
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‘H1. Réwnowaznie, jesli wartos¢ statystyki S jest wieksza od wartosci krytycznej testu, nie ma
podstaw do odrzucenia hipotezy zerowej [178].

ANOVA Kruskala-Wallisa

Kolejnym etapem analizy jest ocena istotnosci réznic pomiedzy badanymi prébami. W przy-
padku spetnienia zatozen dotyczacych normalnosci rozktadu danych, stosuje sie parametryczna
analize wariancji (ANOVA), umozliwiajaca weryfikacje istotnosci réznic $rednich pomiedzy wie-
loma grupami. W sytuacji, gdy zatozenia te nie s spetnione, wykorzystuje sie nieparametryczna
analize wariancji ANOVA Kruskala—Wallisa (zwana réwniez jednokierunkowa analiza wariancji
dla rang), stanowiagca rozszerzenie testu U Manna—Whitneya na przypadek wiecej niz dwéch
populacji. Test ten stuzy do weryfikacji hipotezy o braku istotnych réznic pomiedzy medianami
w k > 2 prébach [104, 105]. Hipotezy dla k grup zdefiniowane sg nastepujaco:

o Hy: 64 =0, = = 0 (wszystkie mediany s3 réwne);
e H;: Nie wszystkie mediany 6; s3 réwne (j = 1,2, ..., k).

W celu podjecia decyzji o odrzuceniu lub braku podstaw do odrzucenia hipotezy zerowe;j
'Ho, oblicza sie warto$¢ statystyki testowej H, a nastepnie odpowiadajaca jej wartos¢ p. War-
tos¢ p poréwnuje sie z przyjetym poziomem istotnosci o. Jezeli p > «, nie ma podstaw do
odrzucenia hipotezy zerowej. W przeciwnym przypadku, gdy p < «, hipoteze zerowa odrzuca
sie na rzecz hipotezy alternatywnej H;. Réwnowaznie, decyzje mozna podjac poprzez pordw-
nanie wartosci statystyki testowej H z wartoscig krytyczng. Jezeli wartos$¢ statystyki testowe;j
przekracza warto$¢ krytyczna, hipoteze zerowa Hy nalezy odrzuci¢ [141].

2.7 Podsumowanie

W rozdziale przedstawiono podstawy metodyczne wykorzystane w badaniach dotyczacych krét-
koterminowego prognozowania stezen zanieczyszczen powietrza. Omdwiono zagadnienie szere-
goéw czasowych oraz specyfike zadania prognozowania, wskazujac na znaczenie danych histo-
rycznych w modelowaniu zmian stezen zanieczyszczen powietrza. Nastepnie scharakteryzowano
wybrane metody uczenia gtebokiego oraz rodzaje sieci neuronowych, ktére stanowig podstawe
opracowanych i analizowanych w pracy rozwigzan prognostycznych.

Istotnym elementem rozdziatu byto takze przedstawienie procedury walidacyjnej i schematu
eksperymentalnego, umozliwiajacych ocene skutecznosci proponowanych metod w sposéb upo-
rzadkowany i poréwnywalny. Uwzglednienie standardowych miar btedéw predykcji, takich jak
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MAE, MSE, RMSE, MAPE oraz wspéfczynnik R?, pozwala na iloéciowa ocene jakoéci prognoz
oraz poréwnanie wynikéw uzyskanych dla réznych modeli, lokalizacji, okreséw pomiarowych
i konfiguracji danych wejsciowych.

Przedstawione zagadnienia porzadkuja aparat metodyczny zastosowany w dalszej czesdci
pracy. Maja one bezposrednie znaczenie dla interpretacji wynikdéw uzyskanych w pracach na-
ukowych powigzanych tematycznie z rozprawa, poniewaz pozwalajg na spéjne odniesienie za-
stosowanych architektur modeli, procedur walidacyjnych oraz miar oceny jakosci predykcji do
poszczegdlnych etapédw przeprowadzonych badan.
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Rozdziat 3

Charakterystyka wynikow badan i analiz

zaprezentowanych w pracach
naukowych A1-A7

W niniejszym rozdziale przedstawiono charakterystyke prac naukowych A1-A7 powigzanych
tematycznie z rozprawa doktorska, obejmujacych zaréwno przeglad aktualnego stanu wiedzy,
jak i wyniki przeprowadzonych analiz oraz badan wspierajacych realizacje celu pracy i we-
ryfikacje postawionej tezy badawczej. Tytuty kolejnych podrozdziatéw zostaty sformutowane
tak, aby odzwierciedlaty gtéwny zakres merytoryczny oraz zasadniczy wkfad poszczegdlnych
prac, tj. przeglad metod data-driven w prognozowaniu jakosci powietrza, zastosowanie sieci
neuronowych i metod uczenia gtebokiego, wykorzystanie modeli hybrydowych, transformero-
wych i autoenkoderdéw, a takze znaczenie danych meteorologicznych oraz wyjasnialnosci modeli
prognostycznych. W kazdym podrozdziale przedstawiono kroétkie streszczenie omawianej pracy,
obejmujace podstawowe zatozenia badawcze, zastosowang metodyke oraz najwazniejsze uzyska-
ne wyniki. W pracach A2—-A7 wykorzystano historyczne dane pomiarowe ze stacji monitoringu
jakodci powietrza, udostepnione przez GIOS w ramach Paristwowego Monitoringu Srodowiska.
Dane meteorologiczne wykorzystane w pracach A4—A7 pobrano z platformy Meteostat [144].
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3.1 Stan wiedzy w zakresie metod data-driven stosowa-

nych do prognozowania stezen zanieczyszczen powie-
trza (artykut Al)

W pracy Al [18] dokonano kompleksowego przegladu metod prognozowania stezen zanieczysz-
czen powietrza opartych na metodach wykorzystujacych dane pomiarowe, ktéry obejmowat
zaréwno klasyczne techniki statystyczne (m.in. ARIMA, SARIMA, regresja wieloraka), metody
uczenia maszynowego (m.in. SVM, RF, XGBoost), modele gtebokiego uczenia (m.in. LSTM,
GRU, CNN, sieci typu transformer, autoenkodery, GCN), hybrydowe (m.in. CNN+LSTM, ARI-
MA-+ANN), jak i zaawansowane technologie sensoryczne (m.in. sensory mobilne, loT, LoRa-
WAN, drony, TinyML). Przeanalizowano aktualny stan badan nad prognozowaniem kluczowych
zanieczyszczen, takich jak (m.in.) pyt zawieszony, tlenki azotu, ozon, tlenki wegla oraz tlen-
ki siarki. W pracy Al wskazano, ze modele gtebokiego uczenia, zwtaszcza hybrydowe oraz
oparte na mechanizmach uwagi, s3 najbardziej obiecujace ze wzgledu na lepsza zdolno$¢ do
uchwycenia nieliniowych zaleznos$ci czasowo-przestrzennych, przy jednoczesnej przewadze nad
tradycyjnymi podejSciami statystycznymi w zakresie dokfadnosci prognoz. W artykule przedys-
kutowano takze istotne otwarte problemy, takie jak jako$¢ danych, interpretowalno$é modeli
oraz integracja heterogenicznych systemdw sensorycznych.

Na podstawie przeprowadzonej analizy literatury mozna stwierdzié, ze prognozowanie ste-
zen zanieczyszczen powietrza coraz czesciej opiera si¢ na metodach uczenia gtebokiego, ktore
dzieki zdolnosci modelowania ztozonych zaleznosci czasowo-przestrzennych osiggaja wyzsza
skuteczno$¢ niz klasyczne modele statystyczne. Jednoczesnie rozwdj technologii sensorycznych
umozliwia pozyskiwanie danych o coraz wiekszej rozdzielczo$ci przestrzennej i czasowej, co
stwarza nowe mozliwosci budowy doktadniejszych modeli prognostycznych. Istotnym nadal wy-
zwaniem pozostaje zapewnienie wysokiej jakosci danych, zwiekszenie interpretowalnosci modeli
oraz efektywna integracja danych pochodzacych z heterogenicznych zrédet.

W tabeli podsumowano wyniki przegladu literatury opisanego w pracy Al.
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Tabela 3.1. Zestawienie wybranych metod prognozowania stezen zanieczyszczeh powietrza

opracowane na podstawie przegladu literatury przedstawionego w artykule Al

Przyktadowe Znaczenie dla ko-
Grupa me- Przyktadowe | | . ; L. i
zrodta lite- Gioéwne wnioski lejnych prezento-
tod metody
raturowe wanych prac
Rozwiazania senso-
2 _ . Wskazanie Zna-
- ) ryczne  zwiekszaja ) .
Czujniki mobil- _ L, czenia jakosci,
L rozdzielczo$¢ cza- T
ne, sieci loT, 7 90, 96 . X kompletnosci i wia-
, , , Sowa i przestrzenn L.
Techniki LoRaWAN, 2 p. 2 rygodnosci  danych
o . 108,157,161, danych, jednak wy- .
sensoryczne  czujniki ni- i _ .. wejSciowych wy-
213,1214,223] magaja  kalibragji,
skokosztowe, . korzystywanych
, kontroli jakosci oraz .
drony, TinyML _ - LW modelowaniu
integracji z danymi
_ ) prognostycznym.
referencyjnymi.
Metody statystycz-
ne s interpretowal- o
vt e Uzasadnienie  wy-
ne i uzyteczne jako
AR, ARMA, Kt y dni _J _ korzystania metod
un odniesienia, _
ARIMA, SARI- P _ Klasycznych  jako
. [2, 6, 8, 21, jednak ich skutecz-
Metody sta- MA, regresja L. ) metod referen-
) 60, B84, 109, nos$¢ moze by¢ ogra- _ :
tystyczne wieloraka, _ cyjnych w ocenie
222, 227] niczona w przypad-

regresja kwan-
tylowa

ku danych nielinio-
wych, niestacjonar-
nych i silnie zmien-
nych sezonowo.

skutecznosci propo-
nowanych  modeli

gtebokiego uczenia.
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Tabela 3.1.

Syntetyczne zestawienie (kontynuacja)

Przyktadowe Znaczenie dla ko-
Grupa me- Przyktadowe | | ] , . . .
zrodta lite- Gtéwne wnioski lejnych prezento-
tod metody
raturowe wanych prac
Metody uczenia
maszynowego Uzasadnienie  po-
umozliwiaja odwzo- trzeby poréwnania
RF. SVM. row.anie barc%ziej n?etod ghgb(ln—
XGBoost ztozonych zalezno- kiego uczenia
oost, L. .
Metody GAM P [3,34,59, 64, $ci niz klasyczne z wybranymi algo-
' ro- . .
uczenia ma- het d 71, 80, 123, modele statystycz- rytmami uczenia
et, rzewa )
szynowego P , 167, [185] ne, lecz wymagaja maszynowego
decyzyjne, me- N .
odpowiedniego oraz zastosowania
tody zespotowe , ,
doboru zmien- uporzadkowane]
nych  wejSciowych procedury  oceny
i procedur walida- jakosci predykcji.
cyjnych.
Modele gtebokiego
uczenia s3 szcze- B credni
ezposrednie
ANN,  RNN, golnie  przydatne pd L
uzasadnienie zasto-
LSTM, GRU, w modelowa- _ hitekt
sowania architektur
Metody Bi-LSTM, [13, 25/ 38, niu ztozonych rebok ,
okiego uczenia
uczenia CNN, GCN, [49, B3, 120, zaleznosci  czaso- ge .g
: _ w kolejnych pracach
gtebokiego autoenkode- 143,156/, 180] wych i czasowo-
o badawczych wcho-
ry, sieci typu przestrzennych oraz
. ) dzacych w sktad
transformer w analizie duzych
cyklu.

zbioréw danych

Srodowiskowych.
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Tabela 3.1. Syntetyczne zestawienie (kontynuacja)

Przyktadowe Znaczenie dla ko-
Grupa me- Przyktadowe | | ] , .y .
zrodta lite- Gtéwne wnioski lejnych prezento-
tod metody
raturowe wanych prac
Uzasadnienie rozwi-
Modele hybrydowe | Z, ) It It i ZW,I
ania i testowania
ARIMA-+ANN, faczg zalety ré6znych Jb e o
ardzie ztozo-
CNN-+LSTM, podejsé i czesto 0 P2
nyc architektur,
GCN+LSTM, 5 @1 prowadza do po- y ; deli
, , , , . w tym modeli au-
Modele hy- PSO+LSTM, prawy doktadnosci y
107,117, 145l _ toenkoderowych,
brydowe SSA+LSTM, prognoz, jednak
148 [176),197] . . . transformerowych
modele z me- zwiekszaja  ztozo- .,
. : L . . oraz rozwiazan
chanizmami nos¢ obliczeniowa )
_ .~ wykorzystujacych
uwagi oraz wymagania
& _ y. & dodatkowe dane
Interpretacyjne. )
meteorologiczne.
Pomimo duzej U dnieni
zasadnienie ocen
Jakos$¢ danych, liczby badan istotne o, y
: _ stabilnosci  modeli,
braki danych, pozostaja problemy ,
) _ analizy wptywu da-
interpretowal- zwigzane z  od- _
Problemy ., ) L. . nych meteorologicz-
nos¢  modeli, [61], (102 116, pornoscia  modeli, _
otwarte ) _ L. nych oraz weryfika-
. ; . heterogenicz- 151,166,171 ich skalowalnoscia, g
[ kierunki o o L o cji metod na da-
, nos¢ zrédet [174,1209,216] wyjasnialnoscia
rozwoju nych pochodzacych

danych, syste-
my wczesnego
ostrzegania

oraz  mozliwoscia
stosowania w roz-
nych warunkach

Srodowiskowych.

z réznych lokalizacji
i okresbw pomiaro-
wych.

3.2

Zastosowanie sieci neuronowych do prognozowania

stezen wybranych zanieczyszczen powietrza (artykut
A2)

Celem prac zaprezentowanych w publikacji A2 byto sprawdzenie, czy nowoczesne modele gte-
bokiego uczenia moga skutecznie prognozowaé krétkoterminowe stezenia zanieczyszczen po-
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wietrza na podstawie historycznych danych pomiarowych. Dodatkowo, praca miata na celu
poréwnanie skutecznosci zaproponowanych architektur z klasycznymi metodami prognostycz-
nymi oraz ocene wptywu dtugosci okna wejsciowego na jako$¢ predykcji. Istotnym elementem
celu badawczego byto réwniez sprawdzenie dziatania modeli nie dla pojedynczej stacji pomiaro-
wej, lecz w uktadzie obejmujacym kilka lokalizacji i kilka zanieczyszczen, co zwieksza znaczenie
Srodowiskowe i aplikacyjne uzyskanych wynikéw.

W badaniach wykorzystano rzeczywiste dane pochodzace z automatycznych stacji moni-
toringu jakosci powietrza (dziatajacych w ramach PMS). Analiza obejmowata osiem miast
(Jeleniag Gére, Wroctaw, Gorzéw Wielkopolski, Sulecin, Zakopane, Gdansk, Czestochowe i Ko-
szalin) oraz osiem analizowanych zanieczyszczen powietrza (CgHg, CO, NO, NO,, NO,, O3,
PMio i SO,). Uwzglednienie réznych lokalizacji pozwolito oceni¢ skutecznos¢ modeli w odmien-
nych warunkach przestrzennych i emisyjnych, natomiast analiza kilku zanieczyszczen umozliwita
sprawdzenie, czy proponowane podejscie zachowuje skutecznos$¢ dla danych o réznej dynamice
czasowej. Szczegdlne znaczenie ma réwniez fakt, ze badania odnosity sie do sezonu grzew-
czego, ktéory w warunkach polskich jest okresem kluczowym z punktu widzenia wystepowania
podwyzszonych stezen zanieczyszczen powietrza.

W publikacji zaproponowano i przetestowano cztery architektury gtebokiego uczenia: tem-
poralna sie¢ konwolucyjng (TCN), sie¢ Kotmogorowa—Arnolda (KAN), sie¢ w petni konwolucyj-
na (FCN) oraz rekurencyjna sie¢ GRU. Modele analizowano dla réznych dtugosci okna wejscio-
wego, obejmujacych 3, 5 oraz 7 wartosci historycznych. Pozwolito to ocenié, w jakim stopniu
zakres informacji historycznej wptywa na jakos$¢ krétkoterminowego prognozowania stezen za-
nieczyszczeh powietrza. Zastosowanie kilku architektur i kilku wariantéw okna wejSciowego
umozliwito systematyczne poréwnanie skutecznosci modeli w zaleznosci od lokalizacji, rodza-
ju zanieczyszczenia oraz konfiguracji eksperymentalnej. Proponowane metody przetestowano
w oparciu o dane z roku 2022 na bazie stacji pomiarowych dziatajacych w ramach programu
PMS.

Skuteczno$¢ proponowanych modeli poréwnano z metodami referencyjnymi, obejmujacymi
klasyczne podejscia prognostyczne i regresyjne, takie jak wygtadzanie wyktadnicze, metoda
Holta-Wintersa, ARIMA oraz algorytm RF. Takie poréwnanie byto istotne, poniewaz pozwolito
ocenié, czy zastosowanie bardziej ztozonych architektur gtebokiego uczenia jest uzasadnione
poprawa jakosci predykcji wzgledem prostszych i dobrze znanych metod. Do oceny jakosci
prognoz wykorzystano standardowe miary btedu, takie jak MAE, MAPE, MSE i RMSE.

Wyniki uzyskane w publikacji A2 wskazuja, ze proponowane modele gtebokiego uczenia
osiggaty nizsze warto$ci miar btedu niz metody referencyjne. Przyktadowo, tabela przed-
stawia wartosci btedu MAE dla stacji Gdansk Leczkowska (oznaczenie PMS: PmGdaleczkow).
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Wybrane wyniki z tej tabeli mozna zestawié nastepujaco:

Tabela 3.2. Wartoéci MAE dla stacji pomiarowej PmGdaleczkow ($érednia!) oznacza érednia
uzyskang dla wszystkich zanieczyszcze powietrza dla wybranej metody; érednia® oznacza
$rednig zaréwno dla proponowanych metod, jak i dla metod bazowych); wyniki na podstawie
tabeli A.22 z publikacji A2 [15]

CéHs CO NO NO, NO, O3 PMy; SO, sérednia® érednia®

min. 023 042 048 397 479 2093 4,02 216 — —
maks. 124 056 293 2581 30,30 66,57 1545 522 — —
TCN 3 008 003 023 181 250 642 228 034 171

TCN 5 008 003 016 284 325 979 222 054 236

TCN 7 010 004 017 245 266 691 212 033 185

KAN 3 006 003 004 037 064 743 174 025 132

KAN 5 006 003 008 140 1,72 7,75 1,81 026 164

KAN 7 006 003 00l 060 074 742 165 024 134 000
FCN 3 0,00 002 000 035 050 751 027 017 1,10 '
FCN 5 006 002 005 043 060 7,88 145 026 134

FCN 7 0,00 002 000 024 050 757 034 023 111

GRU 3 0,00 002 00l 018 024 748 132 022 118

GRU 5 004 002 002 014 067 7.8 176 019 133

GRU 7 0,00 003 00l 057 024 746 067 012 114

wygh. wykt. 0,15 002 030 351 412 999 180 074 2,58
Holt-Winters 0,13 0,01 0,30 3,90 3,73 10,04 145 069 2,53 015
ARIMA 009 001 019 25 359 1155 089 056 243 '
RF 013 001 020 285 372 976 132 068 233

Na podstawie tego zestawienia mozna wskazaé, ze dla analizowanej stacji PmGdalecz-
kow najnizsze $rednie wartosci MAE uzyskaty modele FCN oraz GRU z oknem wejsciowym
7. W przypadkach tych Sredni btad byt wyraznie nizszy niz dla metod referencyjnych, takich
jak ARIMA, algorytm RF czy wygtadzanie wyktadnicze. Szczegdlnie widoczna jest réznica dla
CsHg i CO, dla ktérych modele gtebokiego uczenia uzyskaty nizsze wartosci btedu niz klasyczne
metody prognostyczne.

Rozszerzenie badan z pracy A2 na lata 2023 i 2024 przedstawiono w rozdz. [ w tab. [4.1]
W tabeli tej pokazano, ze dla artykutu A2, po usrednieniu wynikéw wzgledem stacji pomia-
rowych i zanieczyszczen, proponowane metody réwniez osiaggaty nizsze wartosci btedéw niz
metody referencyjne. Przyktadowo, dla danych godzinowych z 2022 r. wartos¢ MAE wyniosta
0,11 dla metod proponowanych oraz 0,19 dla metod referencyjnych, natomiast RMSE odpo-
wiednio 0,14 oraz 0,28. Podobna relacja utrzymywata sie réwniez dla danych z lat 2023 i 2024.
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Uzyskane wyniki potwierdzaja, ze w analizowanym zbiorze danych zastosowanie architektur
gtebokiego uczenia pozwolito na poprawe jakosci krétkoterminowej predykcji wzgledem metod
referencyjnych. Istotne jest przy tym, ze poprawa ta byta widoczna zaréwno w przyktadzie
szczegdtowym dla konkretnej stacji pomiarowej, jak i w wynikach usrednionych. Oznacza to, ze
skuteczno$¢ zaproponowanych modeli nie ograniczata sie wytacznie do pojedynczego przypadku,
lecz byta obserwowana réwniez w szerszym zestawieniu wynikéw.

Wyniki publikacji A2 bezposrednio wspieraja gtéwna teze rozprawy, poniewaz pokazuja, ze
wybrane architektury gtebokiego uczenia moga by¢ skutecznym narzedziem krétkoterminowego
prognozowania stezen zanieczyszczen powietrza w zréznicowanych warunkach srodowiskowych.
Wktad omawianej pracy polega przede wszystkim na eksperymentalnym potwierdzeniu, ze mo-
dele typu data-driven moga osiggac lepsza jakos$¢ predykcji niz metody referencyjne, a takze na
pokazaniu, ze ocena skutecznosci takich modeli powinna uwzgledniac lokalizacje stacji, rodzaj
zanieczyszczenia, sezonowos$¢ oraz dtugos¢ okna wejsciowego.

Ze wzgledu na to, ze ocena modeli zostata w okreslonym uktadzie danych, lokalizacji, sub-
stancji i konfiguracji eksperymentalnych, wyniki nalezy interpretowaé w odniesieniu do przyje-
tego zbioru danych oraz zastosowanego schematu walidacji (ktdry zostat szczegdtowo opisany
w rozdziale. . Naturalnym kierunkiem dalszych badan jest sprawdzenie stabilnosci zapropo-
nowanych modeli na danych z kolejnych lat, rozszerzenie analiz o dodatkowe zmienne meteoro-
logiczne oraz dalsza ocena zdolnosci modeli do generalizacji w innych warunkach przestrzen-
nych i czasowych. W tym kontekscie publikacja A2 tworzy punkt wyjscia dla kolejnych prac,
w ktérych rozwijane s3 aspekty walidacji, odpornosci modeli oraz wptywu dodatkowych danych
wejsciowych na jakos¢ prognoz.

3.3 Prognozowanie stezen pytu zawieszonego z wykorzy-
staniem metod uczenia gtebokiego (artykut A3)

Celem badania przedstawionego w artykule A3 byto sprawdzenie jakosci prognozowania krot-
koterminowych stezen zanieczyszczen powietrza nowoczesnych modeli uczenia gtebokiego na
podstawie historycznych danych pomiarowych. W pracy poréwnano takze skutecznos$¢ zapropo-
nowanych architektur z klasycznymi metodami prognostycznymi oraz oceniono wptyw dtugosci
okna wejsSciowego na jakos¢ predykcji. W tym celu wykorzystano rzeczywiste dane dotyczace
stezenia pytu zawieszonego frakcji PM;q oraz As, Cd, Ni i Pb, pochodzace z automatycznych
stacji monitoringu jakoéci powietrza, obejmujacych osiem lokalizacji: Watbrzych, Torun, Za-
gan, Krakéw, Mielec, Katowice, Puszcze Borecka i Szczecin. Uwzglednienie réznych lokalizacji
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pozwolito oceni¢ skutecznos¢ modeli w odmiennych warunkach przestrzennych i emisyjnych,
natomiast analiza zanieczyszczen umozliwita sprawdzenie, czy proponowane podejscie zacho-
wuje skuteczno$¢ dla danych o réznej dynamice czasowej. Szczegdlne znaczenie ma réwniez
fakt, ze badania objety sezon grzewczy. Mozna wiec przyjaé, ze praca A3 jest rozszerzeniem
badan przedstawionych w artykule A2.

W badaniu zaproponowano i przetestowano cztery architektury gtebokiego uczenia: roz-
szerzong sie¢ z dtuga pamiecia krétkotrwata (xLSTM), sie¢ Kotmogorowa—Arnolda (KAN),
temporalna sie¢ konwolucyjna (TCN) oraz autoenkoder wariacyjny (VAE). Modele analizowa-
no dla réznych dtugosci okna wejsciowego, obejmujacych 3, 5 oraz 7 wartosci historycznych.
Pozwolito to ocenié, w jakim stopniu zakres informacji historycznej wptywa na jakos$¢ krétko-
terminowego prognozowania stezen zanieczyszczen powietrza. Zastosowanie kilku architektur
i kilku wariantéw okna wejsciowego umozliwito systematyczne poréwnanie skutecznosci mo-
deli w zalezno$ci od lokalizacji, rodzaju zanieczyszczenia oraz konfiguracji eksperymentalnej.
Opracowane metody przebadano na danych z roku 2022 ze stacji pomiarowych prowadzonych
w ramach programu PMS.

Skutecznos¢ proponowanych modeli poréwnano z metodami referencyjnymi, obejmujacymi
klasyczne podejscia prognostyczne i regresyjne, takie jak wygtadzanie wyktadnicze, metoda
Holta-Wintersa, ARIMA oraz algorytm RF. Poréwnanie to pozwolito oceni¢, czy zastosowanie
bardziej ztozonych architektur gtebokiego uczenia jest uzasadnione poprawa jakosci predykcji
wzgledem prostszych i powszechnie znanych metod. Do oceny jakosci prognoz wykorzystano
standardowe miary btedu, jak MAE, MSE i RMSE.

Uzyskane w artykule A3 wyniki wskazuja, ze proponowane modele gtebokiego uczenia osia-
gaty nizsze wartosci miar btedu niz metody referencyjne. Przyktadowo, tabela przedstawia
wartoéci btedu RMSE dla stacji Torun Dziewulskiego (oznaczenie PMS: KpToruDziewu).

Wyniki wskazuja, ze proponowane metody uzyskuja nieco nizsze wartosci btedu RMSE niz
rozwigzania referencyjne. Najnizsze $rednie warto$ci RMSE uzyskano dla modeli KAN oraz
TCN z rozmiarem okna 5, dla ktérych Srednia wartos¢ btedu wyniosta 2,88. Dla metod bazo-
wych najlepsze wyniki osiggnat model Holt—Winters ze Srednim RMSE réwnym 3,34. Widoczna
jest réwniez zalezno$¢ od dtugosci okna wejsciowego, poniewaz dla wszystkich analizowanych
architektur najkorzystniejsze wyniki uzyskano dla pieciu prébek wejéciowych. Srednia wartoé
RMSE dla wszystkich proponowanych metod wyniosta 3,28, podczas gdy dla metod referen-
cyjnych osiggnefa wartosé 3,49, co wskazuje na przewage opracowanych rozwigzan.

Rozszerzenie badan z pracy A3 na lata 2023 i 2024 przedstawiono w rozdz. [ w tab. 4.2
Wykazano, ze dla artykutu A3, po usrednieniu wynikéw wzgledem stacji pomiarowych i za-
nieczyszczenh, proponowane metody réwniez osiggaty nizsze wartosci btedéw niz metody re-
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Tabela 3.3. Wartoéci RMSE dla stacji KpToruDziewu ($rednia(*) oznacza $rednia uzyskana dla
wszystkich zanieczyszczeh powietrza dla wybranej metody; $rednia(®) oznacza érednig zaréwno

dla proponowanych metod, jak i dla metod bazowych); wyniki na podstawie tabeli 27 z publikacji
A3 [16]

AS(PMlo) Cd(PMlo) NI(PMlo) Pb(PMlo) PMlO érednial érednia2

min. 0,50 0,10 0,50 0,00 2,00 — —
maks. 2,87 0,42 7,21 0,02 90,76 — —
xLSTM 3 0,37 0,07 1,42 0,00 15,19 3,41

xLSTM 5 0,28 0,05 1,05 0,00 15,00 3,28

xLSTM 7 0,36 0,10 1,78 0,00 14,91 3,43

KAN 3 0,37 0,07 1,51 0,00 14,13 3,22

KAN 5 0,27 0,05 1,07 0,00 13,00 2,88 308
KAN 7 0,37 0,09 1,85 0,00 1424 3,31 '
TCN 3 0,38 0,07 1,51 0,00 15,00 3,39

TCN 5 0,27 0,05 1,07 0,00 12,98 2,88

TCN 7 0,37 0,09 1,85 0,00 14,81 3,43

VAE 0,38 0,07 1,52 0,00 14,94 3,38

wygt. wykt. 0,71 0,17 1,70 0,00 14,43 3,40
Holt-Winters 0,65 0,04 0,73 0,00 15,30 3,34 349
ARIMA 0,59 0,14 1,73 0,00 15,78 3,65 '
RF 0,53 0,15 1,71 0,00 15,43 3,57
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ferencyjne. Przyktadowo, dla danych godzinowych z 2022 r. warto$¢ MSE wyniosta 0,02 dla
metod proponowanych oraz 0,08 dla metod referencyjnych, natomiast dla lat 2023 i 2024,
odpowiednio: 0,03 i 0,11; 0,03 i 0,12. Analogiczne wnioski ptyna z analizy pozostatych miar
bteddéw.

Uzyskane wyniki wskazuja, ze zastosowanie architektur gtebokiego uczenia pozwolito w ana-
lizowanym zbiorze danych na poprawe jakosci krétkoterminowej predykcji wzgledem metod refe-
rencyjnych. Poprawa ta zostata wykazana zaréwno w przyktadzie szczegdétowym dla okreslone;j
stacji pomiarowej, jak i w wynikach usrednionych. Prowadzi to do wniosku, ze skutecznos$¢
proponowanych modeli byta obserwowana réwniez w szerszym zestawieniu wynikéw.

Podobnie, jak w przypadku pracy A2, wyniki zawarte w publikacji A3 bezposrednio wspie-
raja teze rozprawy, poniewaz pokazuja, ze wybrane architektury gtebokiego uczenia moga by¢
skutecznym narzedziem krétkoterminowego prognozowania stezen zanieczyszczen powietrza
w zréznicowanych warunkach srodowiskowych.

Przeprowadzenie oceny modeli w okreslonym uktadzie danych, lokalizacji oraz konfigura-
cji eksperymentalnej moze by¢ jednak pewnym ograniczeniem pracy A3. Wyniki powinny by¢
interpretowane w odniesieniu do wykorzystanego zbioru danych oraz zastosowanego schematu
walidacji. Kierunkiem dalszych badan jest sprawdzenie stabilnosci zaproponowanych modeli na
danych z kolejnych lat, rozszerzenie analiz o dodatkowe zmienne (np. meteorologiczne) oraz
dalsza ocena zdolnosci modeli do generalizacji w innych warunkach przestrzennych i czasowych.
Praca A3 tworzy moze byc¢ traktowana zatem jako punkt wyjscia dla kolejnych prezentowanych
prac, w ktérych rozwijane sg aspekty odpornosci modeli oraz wptywu dodatkowych danych
wejsciowych na jakos$¢ prognoz.

3.4 Prognozowanie stezen pytu zawieszonego z zastoso-
waniem modelu transformerowego i regresji symbo-
licznej (artykut A4)

Celem prac zaprezentowanych w publikacji A4 byto sprawdzenie jakosci dziatania hybrydowego
modelu prognozowania, integrujacego sie¢ typu transformer z regresja symboliczng w zadaniu
prognozowania krétkoterminowych stezen pytéw zawieszonych frakcji PMyg oraz PM, 5 na pod-
stawie historycznych danych pomiarowych przy dodatkowym wsparciu danych meteorologicz-
nych. Przeprowadzone badania miaty takze na celu poréwnanie skutecznosci zaproponowane;j
architektury z klasycznymi metodami prognostycznymi.

W badaniach wykorzystano rzeczywiste dane pochodzace z automatycznych stacji monito-
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ringu jakoéci powietrza prowadzonych w ramach programu PMS z roku 2022. Analiza obejmo-
wata siedem lokalizacji (Zielonke Bory Tucholskie, Zakopane, Czestochowe, Gliwice/Knuréw
oraz Szczecin) oraz dwie frakcje pytéw zawieszonych: PM;q oraz PM, 5. Uwzglednienie réznych
lokalizacji pozwolito ocenié skuteczno$é¢ modeli w odmiennych warunkach przestrzennych i emi-
syjnych, a szczegdlne znaczenie ma réwniez fakt, ze badania objety sezon grzewczy. W bada-
niach wykorzystano réwniez dane meteorologiczne: temperature (°C), predkos¢ wiatru (km/h)
oraz kierunek wiatru (stopnie). Wymienione dane pobrano z platformy Meteostat; dotyczyty
tych samych lokalizacji oraz korespondujacego okresu pomiarowego.

W publikacji zaproponowano i przetestowano hybrydowa architekture sieci typu transformer
wraz z modutem regresji symbolicznej. Zaproponowana metoda pozwolita oceni¢, w jakim stop-
niu zakres informacji historycznej wptywa na jakos$¢ krétkoterminowego prognozowania stezen
zanieczyszczen powietrza. Procedura regresji symbolicznej pozwolita na znalezienie réwnania
(réwnanie do obliczenia przewidywanego stezenia PM y:

y = b1 'X12+b2 -sin(b3 'X2)+b4'COS(b5 'X3) (31)

Wspétczynniki b; (i = 1,...,5), ktére zostaty wyznaczone metoda regresji symbolicznej, byty
réwne: by = —0,23, b = —0,75, b3 = 1,12, by = 0,42, bs = 0,70. Wartosci x1, X2 i X3
odpowiadaja nastepujacym danym meteorologicznym: odpowiednio temperaturze, predkosci
wiatru i kierunkowi wiatru.

Skuteczno$¢ proponowanych modeli poréwnano z metodami referencyjnymi, obejmujacy-
mi nastepujace podejscia: perceptron wielowarstwowy (MLP), rekurencyjna sie¢ neuronowa
(RNN), algorytm ARIMAX, metode k-NNR oraz metode LR. Poréwnanie pozwolito ocenié, czy
proponowana metoda prowadzi do poprawy jakosci predykcji. Do oceny jakosci prognoz wyko-
rzystano standardowe miary btedu, takie jak MAE, MSE i RMSE. Metoda regresji symboliczne;j
umozliwia wyznaczenie interpretowalnej formuty opisujacej zaleznosci pomiedzy analizowany-
mi zmiennymi. Ponizej wskazano przyktady, w ktérych zademonstrowano sposéb obliczenia
prognozy wybranej frakcji PM:

Przyktad 1 Wyznaczymy prognoze stezenia PM;g na podstawie nastepujacych danych z 4 stycz-
nia 2022 r. na stacji Zielonka Bory Tucholskie (oznaczenie PMS: KpZielBoryTu). Znormali-
zowane wartosci temperatury xq, predkosci wiatru x, i kierunku wiatru x3 przedstawiaja sie
nastepujaco: x; = 0,40, x, = 0,39 i x3 = 0,65:

y = —0,23-(0,40)% + (—0,75) - sin(1,12 - 0,39) + 0, 42 - cos(0, 70 - 0, 65) = 0, 19

Rzeczywiste (historyczne) stezenie PM;o w tym dniu wynosito 0,20 (znormalizowane). Potwier-
dza to bardzo wysoka doktadno$¢ prognozowania proponowanej metody.
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Przykfad 2 Znormalizowane warto$ci temperatury x;, predkosci wiatru x, i kierunku wiatru x3
z dnia 27 maja (2022 r.) na stacji Szczecinek (oznaczenie PMS: ZpSzczec1Maj) sa nastepujace:
x; = 0,58, x, = 0,41 i x3 = 0,72. Uzyjemy tych wartosci do oszacowania stezenia PM; s:

y =—0,23-(0,58) + (—0,75) - sin(1,12 - 0, 41) + 0,42 - cos(0, 70 - 0,72) = 0, 11

Rzeczywiste (historyczne) stezenie PM; 5 w tym dniu wynosito 0,11 (znormalizowane). Potwier-
dza to wysoka doktadnos¢ prognozowania proponowanej hybrydowej metody.

Wyniki uzyskane w pracy A4 wskazuja zatem, ze proponowana metoda osigga wysoka
doktadnos$¢ generowanych prognoz. Przyktadowo, tabela 3.4f przedstawia wartosci miar btedéw
dla prognoz stezen PMyj.

Tabela 3.4. Metryki btedéw proponowanej metody hybrydowej do prognozowania stezen PMyy;
wyniki na podstawie tabeli 1 z publikacji A4 [17]

Stacja pomiarowa Miara Proponowana MLP RNN ARIMAX k-NNR LR

MAE 0,13 023 0,21 0,22 0,21 0,22
KpZielBoryTu MSE 0,03 0,08 0,07 0,08 0,07 0,07
RMSE 0,16 0,28 0,26 0,27 0,27 0,27
MAE 0,08 0,17 0,17 0,20 0,20 0,20
MpZakopaSien MSE 0,01 0,05 0,04 0,06 0,06 0,06
RMSE 0,11 0,21 0,21 0,25 0,25 0,25
MAE 0,11 0,22 0,22 0,22 0,21 0,22
SICzestoBacz MSE 0,02 0,07 0,08 0,07 0,07 0,07
RMSE 0,15 0,27 0,28 0,27 0,26 0,27
MAE 0,10 0,22 0,20 0,22 0,22 0,22
SIKnurJedNar MSE 0,02 0,08 0,06 0,07 0,07 0,08
RMSE 0,14 0,28 0,24 0,27 0,27 0,28
MAE 0,12 0,19 0,19 0,23 0,22 0,23
ZpSzczeclMaj MSE 0,03 0,06 0,06 0,08 0,07 0,08
RMSE 0,17 0,24 0,24 0,28 0,27 0,28

Uzyskane wyniki wskazuja, ze proponowana metoda hybrydowa uzyskata nizsze wartosci
analizowanych miar btedéw w rozpatrywanym zbiorze danych. Dla miary MAE wartosci btedu
miescity sie w zakresie od 0,08 do 0,13, podczas gdy dla metod referencyjnych przyjmowaty
wartosci od 0,17 do 0,23. Podobng zalezno$¢ zaobserwowano dla miar MSE oraz RMSE. Przy-
ktadowo, dla stacji w Zakopanem (MpZakopaSien) wartos¢ RMSE dla proponowanej metody
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wyniosta 0,11, natomiast dla pozostatych metod osiggata wartosci od 0,21 do 0,25. Otrzymane
rezultaty wskazuja, ze zastosowanie regresji symbolicznej pozwolito na uzyskanie doktadniej-
szych prognoz stezen PMyq niz w przypadku analizowanych metod referencyjnych. Jednoczesdnie
stosunkowo niewielkie zréznicowanie wynikéw pomiedzy poszczegdlnymi stacjami sugeruje sta-
bilnos¢ opracowanego podejscia dla réznych lokalizacji pomiarowych.

Rozszerzenie badan z pracy A4 na lata 2023 i 2024 przedstawiono w rozdz. 4] w tab. 4.3
W tabeli tej pokazano, ze po usrednieniu wynikéw wzgledem stacji pomiarowych i zanieczysz-
czen, proponowana metoda réwniez osiggata nizsze wartosci btedéw niz metody referencyjne.
Przyktadowo, dla danych z 2022 r. wartos¢ MAE wyniosta 0,11 dla metody proponowanej oraz
0,26 dla metod referencyjnych; dla danych pomiarowych z roku 2023 i 2024, odpowiednio: 0,12
i 0,28 oraz 0,121 0,29.

Uzyskane wyniki potwierdzaja, ze w analizowanym zbiorze danych zastosowanie propono-
wanej architektury pozwolito na poprawe jakosci krétkoterminowe] predykcji wzgledem metod
referencyjnych. Poprawa ta byta widoczna zaréwno w przyktadach szczegétowych dla okre-
Slonych stacji pomiarowych, jak i w wynikach usrednionych. Oznacza to, ze skuteczno$¢ za-
proponowanych modeli nie ograniczata sie wytacznie do pojedynczych przypadkéw, lecz byta
obserwowana réwniez w szerszym zestawieniu wynikéw.

Wyniki przedstawione w pracy A4 wspieraja gtéwna teze rozprawy pokazujac, ze przed-
stawiona hybrydowa architektura moze by¢ skutecznym narzedziem krétkoterminowego pro-
gnozowania stezeh zanieczyszczehn powietrza w zréznicowanych warunkach $rodowiskowych.
Podobnie, jak w poprzednich pracach, wktad omawianej pracy polega przede wszystkim na
eksperymentalnym potwierdzeniu, ze modele typu data-driven moga osiggac lepsza jakosS¢ pre-
dykcji niz metody referencyjne, a takze na pokazaniu, ze ocena skutecznosci takich modeli
powinna uwzglednia¢ lokalizacje stacji, czy rodzaj analizowanych zanieczyszczen.

3.5 Znaczenie danych meteorologicznych w prognozowa-
niu stezen pytu zawieszonego z wykorzystaniem au-
toenkoderéw (artykut A5)

Celem prac zaprezentowanych w artykule Ab byto sprawdzenie, czy nowoczesne modele gtebo-
kiego uczenia moga skutecznie prognozowaé krétkoterminowe stezenia zanieczyszczen powie-
trza na podstawie historycznych danych pomiarowych przy wsparciu danych meteorologicznych.
Prowadzone prace miaty réwniez na celu poréwnanie skutecznosci zaproponowanych architektur
z klasycznymi metodami prognostycznymi.
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W badaniach wykorzystano historyczne stezenia pochodzace z automatycznych stacji mo-
nitoringu jakosci powietrza prowadzonych w ramach programu PMS z roku 2022. W anali-
zie obejmujacej siedem lokalizacji (Zielonke Bory Tucholskie, Zakopane, Czestochowe, Gliwi-
ce/Knuréw oraz Szczecin) uwzgledniono dane w zakresie stezen pytéw zawieszonych frakcji
PMio oraz PM,s i danych meteorologicznych (temperatura (°C), predkos¢ wiatru (km/h),
kierunek wiatru (stopnie) oraz ci$nienie atmosferyczne (hPa)).

W artykule zaproponowano i przetestowano dwie architektury autoenkoderéw: konwolucyjno-
rekurencyjny (CAE) oraz hierarchiczny (HA). Zastosowanie wymienionych architektur umozli-
wito systematyczne poréwnanie skutecznosci modeli w zaleznosci od lokalizacji, rodzaju zanie-
czyszczenia oraz konfiguracji eksperymentalnej. Uczenie omawianych metod z wykorzystaniem
danych meteorologicznych polegato na minimalizacji funkgji straty wyznaczanej pomiedzy rze-
czywistymi i prognozowanymi wartoSciami stezen zanieczyszczen. Dane meteorologiczne nie
stanowity zmiennej prognozowanej, lecz pefnity role dodatkowych zmiennych wejsciowych do-
starczajacych informacji o warunkach atmosferycznych. Dzieki temu modele mogty uwzgledniac
zaleznosci pomiedzy stezeniami historycznymi a parametrami meteorologicznymi podczas pro-
cesu prognozowania. Skuteczno$¢ proponowanych modeli poréwnano z metoda referencyjna —
algorytmem RF. Poréwnanie pozwolito ocenié, czy proponowana metoda prowadzi do poprawy
jakosci predykcji. Do oceny jakosci prognoz wykorzystano standardowe miary btedu, takie jak
MAE i MSE.

Wyniki uzyskane w pracy A5 wskazuja, ze proponowane metody osiggnety wysoka do-
ktadno$¢ generowanych prognoz, a zastosowanie danych meteorologicznych dodatkowo moze
prowadzi¢ do podniesienia doktadnosci prognoz. Przyktadowe wyniki zestawiono w tabeli [3.5]
ktdra przedstawia wartosci miar btedéw dla prognoz PM;s.

Wyniki przedstawione w tabeli wskazuja, ze najlepsze rezultaty uzyskano dla proponowa-
nych metod CAE oraz HA, ktére w wiekszosci analizowanych przypadkéw osiggaty najnizsze
wartosci btedéw MAE i MSE. Szczegdlnie korzystne wyniki zaobserwowano dla stacji Zakopane,
gdzie wartos¢ MAE wyniosta odpowiednio 0,11 i 0,12, natomiast MSE osiagneto poziom 0,02
i 0,03. Metody nie wykorzystujace danych meteorologicznych (oznaczone gwiazdka) uzyski-
waty zazwyczaj wyzsze wartosci btedéw. W wiekszosci przypadkéw réwniez model RF (w obu
konfiguracjach) osiagat wyzsze wartosci btedéw wzgledem proponowanych metod. Otrzymane
rezultaty wskazuja ponadto, ze przewaga metod CAE i HA wzgledem rozwiazan algorytmu RF
utrzymywata sie dla wszystkich analizowanych stacji pomiarowych, co $wiadczy o stabilnosci
uzyskiwanych wynikéw w analizowanym zbiorze danych.

Rozszerzenie badan z pracy A5 na lata 2023 i 2024 przedstawiono w rozdz. 4] w tab. [4.4] Po
usrednieniu wynikéw wzgledem stacji pomiarowych i zanieczyszczen, omawiane metody réwniez
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Tabela 3.5. Poréwnanie wartosci MAE oraz MSE dla analizowanych stacji pomiarowych dla
prognoz stezen PM,s; wyniki na podstawie tabeli 1 z publikacji A5 [14]

Stacja pomiarowa Miara CAE HA CAE* HA* RF RF*
MAE 0,150 0,160 0,230 0,230 0,190 0,210
MSE 0,040 0,040 0,120 0,110 0,070 0,090
MAE 0,110 0,120 0,190 0,190 0,210 0,230

Zielonka Bory Tucholskie

Zak
axopane MSE 0,020 0,030 0,100 0100 0060 0,080
MAE 0210 0,190 0290 0260 0220 0,240
Czestochowa
MSE 0,060 0,070 0,140 0140 0100 0,120
G MAE 0250 0210 0330 0280 0240 0,260
ce
Wi MSE 0090 0,130 0,170 0,200 0,190 0210
_ MAE 0200 0220 0280 0290 0250 0,270
Szczecin

MSE 0,070 0,100 0,150 0,170 0,130 0,150

osiagnety nizsze wartosci btedéw niz metoda referencyjna. Na przyktad, dla danych z 2022 r.
warto$¢ MAE wyniosta 0,11 i 0,09 dla metod proponowanych oraz 0,26 i 0,21 dla metody refe-
rencyjnej (odpowiednio, bez uwzglednienia oraz z uwzglednieniem danych meteorologicznych).
Dla danych pomiarowych z roku 2023 uzyskano wyniki: 0,12 i 0,10 (metody proponowane)
oraz 0,28 i 0,24 (metoda bazowa); dla roku 2024: 0,12 i 0,10 (metody proponowane) oraz 0,28
i 0.24 (metoda bazowa).

Uzyskane wyniki potwierdzaja, ze w analizowanym zbiorze danych zastosowanie propono-
wanych architektur pozwolito na poprawe jakosci krotkoterminowej predykcji wzgledem metody
referencyjnej. Poprawa ta byta widoczna zaréwno w przyktadach szczegétowych dla okreslonych
stacji pomiarowych, jak i w wynikach usrednionych. Oznacza to, ze skuteczno$¢ zaproponowa-
nych modeli nie ograniczata sie wytacznie do pojedynczych przypadkéw, lecz byta obserwowana
rowniez w szerszym zestawieniu wynikéw.

Wyniki przeprowadzonych badah w pracy A5 wspieraja teze rozprawy wskazujac, ze przed-
stawione architektury oparte na metodach uczenia gtebokiego moga by¢ skutecznym narze-
dziem krétkoterminowego prognozowania stezen pytéw zawieszonych w zréznicowanych wa-
runkach srodowiskowych. Podobnie, jak w poprzednich pracach, wktad omawianego artykutu
polega przede wszystkim na eksperymentalnym potwierdzeniu, ze modele typu data-driven mo-
gq osiggac lepsza jako$¢ predykcji niz metody referencyjne, a takze na pokazaniu, ze ocena
skutecznosci takich modeli powinna uwzgledniaé lokalizacje stacji, czy rodzaj analizowanych

zanieczyszczen.
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3.6 Dokfadnosé i wyjasnialno$¢ prognozowania stezen py-
tu zawieszonego z wykorzystaniem sieci neuronowych

i danych meteorologicznych (publikacja konferencyj-
na A6)

Publikacja konferencyjna A6 jest kolejng praca badawcza, w ktérej zaprezentowano wyniki
przeprowadzonych analiz i obliczen majacych na celu ocene nowoczesnych modeli gtebokiego
uczenia do prognozowania krétkoterminowych stezen zanieczyszczeh powietrza na podstawie
historycznych danych pomiarowych oraz danych meteorologicznych. Badania miaty takze na
celu poréwnanie skutecznosci zaproponowanych architektur z klasycznymi metodami progno-
stycznymi.

W badaniach wykorzystano historyczne stezenia pochodzace z automatycznych stacji mo-
nitoringu jako$ci powietrza prowadzonych w ramach programu PMS z roku 2022. Analiza obej-
mowata siedem lokalizacji (Zielonke Bory Tucholskie, Zakopane, Czestochowe, Gliwice/Knuréw
oraz Szczecin) oraz uwzgledniata dane historyczne dotyczace frakcji pytéw zawieszonych: PMyq
oraz PMy 5 oraz dane meteorologiczne: temperature (°C), predkos¢ wiatru (km/h) i kierunek
wiatru (stopnie).

W artykule przeanalizowano trzy architektury: model temporal fusion transformer, siec
Kotmogorowa—Arnolda oraz sie¢ konwolucyjng temporalng (TCN). Zastosowanie wymienio-
nych modeli umozliwito systematyczne poréwnanie ich skutecznosci w zaleznosci od lokaliza-
cji, rodzaju zanieczyszczenia oraz konfiguracji eksperymentalnej. W przypadku eksperymen-
tow uwzgledniajacych dane meteorologiczne proces uczenia opierat sie na minimalizacji bfe-
du pomiedzy wartosciami rzeczywistymi i prognozowanymi stezen zanieczyszczen. Parametry
meteorologiczne petnity role dodatkowego kontekstu opisujacego warunki atmosferyczne. Sku-
teczno$¢ proponowanych modeli poréwnano z metodami referencyjnymi — rekurencyjng siecia
neuronowa (RNN) oraz siecig dtugiej pamieci krétkotrwatej (LSTM). Poréwnanie pozwolito
oceni¢, czy dyskutowane metody prowadza do poprawy jakosci predykcji. Do oceny jakosci
prognoz wykorzystano standardowe miary btedu, takie jak MAE, RMSE oraz R2.

Wyniki zaprezentowane w publikacji A6 wskazuja, ze omawiane modele gtebokiego uczenia
osiggaty nizsze wartosci miar btedu niz metody referencyjne w rozwazanym zbiorze danych.
Przykfadowe wyniki zestawiono w tabeli [3.6] ktéra przedstawia wartosci miar btedéw dla pro-
gnoz stezen PMyj.

Analiza wynikéw wskazuje, ze uwzglednienie danych meteorologicznych prowadzi do popra-
wy jakosSci prognoz stezen PMy, dla wszystkich analizowanych stacji pomiarowych i wiekszosci
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Tabela 3.6. Poréwnanie wartosci miar btedéw dla analizowanych stacji pomiarowych dla prognoz
stezen PMyy bez oraz z uwzglednieniem danych meteorologicznych (oznaczone gwiazdka);
wyniki na podstawie tabeli 2 z pracy A6 [20]

Miara TFT TFT* KAN KAN* TCN TCN* RNN RNN* LSTM LSTM*

MAE 0,11 0,10 0,14 0,09 0,12 0,10 022 021 0,18 0,16
KpZielBoryTu RMSE 0,25 0,22 0,26 0,22 026 021 029 0,28 0,26 0,25
R? 088 091 088 091 0,87 0,90 0,84 0,85 0,85 0,86

MAE 0,12 0,10 0,13 0,10 0,14 0,09 022 0,20 0,23 0,21
MpZakopaSien RMSE 0,26 0,21 025 021 0,25 022 0,26 0,25 0,25 0,24
R? 087 091 085 0091 087 0,92 083 0,85 0,84 0,86

MAE 0,11 0,09 0,10 0,10 0,10 0,09 0,18 0,16 0,16 0,14
SICzestoBacz RMSE 0,26 0,21 024 021 026 0,23 027 0,25 0,26 0,24
R? 089 0,89 0,84 0,89 085 091 0,82 0,83 0,84 0,85

MAE 0,12 0,09 0,15 0,09 0,13 0,08 0,18 0,16 0,15 0,14
SIKnurJedNar RMSE 0,26 0,22 0,29 0,22 0,24 021 029 0,25 0,26 0,22
R? 0,88 0,90 087 0091 087 0,92 082 0,84 0,85 0,87

MAE 0,13 0,11 0,11 0,09 014 011 0,17 0,15 0,16 0,13
ZpSzczeclMaj RMSE 0,25 0,21 024 0,22 026 0,23 028 0,26 0,24 0,23
R? 0,87 0,89 085 091 0,84 0,90 081 0,85 0,84 0,86

badanych architektur sieci neuronowych. Poprawa ta przejawia sie obnizeniem wartosci btedéw
MAE i RMSE oraz wzrostem wspétczynnika determinacji R?. Najwieksze korzyéci z zastosowa-
nia dodatkowych zmiennych meteorologicznych zaobserwowano dla modeli KAN i TCN, ktére
osiggaty najnizsze wartosci btedéw, przyktadowo dla stacji Knuréw (oznaczenie PMS: SIK-
nurJedNar) model TCN* uzyskat MAE réwne 0,08 oraz R? na poziomie 0,92. Modele TFT
réwniez wykazaty wyrazna poprawe skutecznodci, osiagajac wartosci R? przekraczajace 0,90
dla wiekszosci lokalizacji. Z kolei modele bazowe RNN i LSTM charakteryzowaty sie najwyz-
szymi btedami prognozowania zaréwno bez, jak i z uwzglednieniem danych meteorologicznych.
Najlepsze rezultaty uzyskano dla modeli TCN* i KAN*, ktére najczesciej osiggaty najnizsze
wartoéci MAE i RMSE oraz najwyzsze wartoéci wspéfczynnika R2.

Badania rozszerzone na lata 2023 i 2024 przedstawiono w rozdz. 4w tab. [4.5] Po usrednieniu
wynikéw wzgledem stacji pomiarowych i zanieczyszczen, omawiane metody réowniez osiggnety
nizsze wartosci btedéw niz metody referencyjne. Na przyktad, dla danych z 2022 r. wartos¢
MAE wyniosta 0,11 i 0,09 dla metod proponowanych oraz 0,26 i 0,21 dla metod referencyjnych
(odpowiednio, bez uwzglednienia oraz z uwzglednieniem danych meteorologicznych). Dla da-
nych pomiarowych z roku 2023 uzyskano wyniki: 0,12 i 0,10 (metody proponowane) oraz 0,28
i 0,24 (metody bazowe); dla roku 2024: 0,12 i 0,10 (metody proponowane) oraz 0,28 i 0.24
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(metody bazowe).

Przeprowadzona analiza wykazata, ze zastosowanie proponowanych architektur sieci neuro-
nowych umozliwito uzyskanie wyzszej jakosci krétkoterminowych prognoz frakcji pytu zawieszo-
nego w poréwnaniu z metodami referencyjnymi. Korzystniejsze wyniki odnotowano zaréwno dla
wybranych stacji pomiarowych analizowanych indywidualnie, jak i w przypadku wartosci usred-
nionych dla catego analizowanego zbioru danych. Wskazuje to, ze poprawa skutecznosci modeli
miata charakter systematyczny i nie byta ograniczona do pojedynczych lokalizacji. Ponadto za-
obserwowano, ze rozszerzenie danych wejsSciowych o parametry meteorologiczne przyczynia sie
do dalszego zwigkszenia doktadnosci generowanych prognoz.

Zaprezentowane w pracy A6 wyniki wspieraja teze rozprawy wskazujac, ze przedstawio-
ne architektury oparte na metodach uczenia gtebokiego moga by¢ skutecznym narzedziem
krétkoterminowego prognozowania stezen pytéw zawieszonych w zréznicowanych warunkach
Srodowiskowych. Podobnie, jak w przypadku wczesniejszych prac, jako ograniczenie pracy A6
mozna wskazaé, ze ocena proponowanego rozwigzania zostata przeprowadzona dla okreslo-
nych zbioréw danych, lokalizacji pomiarowych oraz przyjetego schematu eksperymentalnego.
Powoduje to, ze uzyskane rezultaty nalezy rozwazaé w konteks$cie analizowanych danych oraz
zastosowanego schematu walidacji.

3.7 Ocena skutecznosci modeli gtebokiego uczenia w krét-
koterminowym prognozowaniu stezen pytu zawieszo-

nego z uwzglednieniem danych meteorologicznych (ar-
tykut A7)

Ostatnim artykutem, w ktérym zaprezentowano wyniki badan bedacych rozszerzeniem analiz
i rezultatéw uzyskanych w publikacji A6, jest artykut A7. W publikacji tej rozszerzono analize
o dane pomiarowe z lat 2023 i 2024. Celem prowadzonych prac jest zatem ocena nowocze-
snych modeli gtebokiego uczenia do prognozowania krétkoterminowych stezen zanieczyszczen
powietrza na podstawie historycznych danych pomiarowych oraz danych meteorologicznych.
Ponadto, wyniki omawianych architektur zostaty poréwnane z siecia LSTM.

W tabeli przedstawiono wartosci miar btedéw dla prognoz stezen PMy.

Analiza uzyskanych wynikéw wskazuje, ze modele trenowane z zaréwno stezeniami histo-
rycznymi, jak i zmiennymi meteorologicznymi osiggaty mniejsze btedy prognoz w analizowanym
zbiorze danych na wszystkich stacjach pomiarowych. Przyktadowo, model TFT* dla stacji Zako-
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Tabela 3.7. Wyniki prognoz stezen PMyy. Gwiazdka oznacza, ze do treningu modeli wykorzy-
stano zaréwno stezenia historyczne, jak i zmienne meteorologiczne; wyniki na podstawie tabeli
2 z publikacji A7 [19]

Stacja pomiarowa Miara btedu KAN KAN* TFT TFT* LSTM LSTM*
MAE 013 0,11 0,14 0,111 0,17 0,16
Zielonka Bory Tucholskie MSE 0,04 003 006 0,04 0,07 0,06
R? 087 09 087 089 0,85 0,86
MAE 012 011 0,15 0,12 0,20 0,15
Zakopane MSE 0,05 004 004 003 0,08 0,05
R2 0,86 089 087 091 0,84 0,85
MAE 011 0,11 0,15 0,11 0,18 0,17
Czestochowa MSE 0,05 003 005 0,03 0,07 0,05
R? 087 089 087 09 0,85 0,86
MAE 0,14 0,12 0,15 0,11 0,18 0,17
Gliwice MSE 0,06 004 004 0,03 0,06 0,06
R? 086 089 087 089 0,84 0,86
MAE 014 011 0,15 0,12 0,19 0,15
Szczecin MSE 0,04 003 005 003 0,08 0,06
R? 087 09 088 090 0,84 0,86

pane uzyskat najwyzsza wartoéé wspétczynnika R? réwna 0,91. Model LSTM osiggnat najwyzsze
wartosci btedéw sposrdd rozwazanych podejsé. Wyniki wydaja sie by¢ spdjne geograficznie, tzn.
zadna ze stacji nie rézni sie istotnie od pozostatych, co sugeruje, ze zaproponowane modele
dobrze generalizuja sie na rézne lokalizacje w Polsce.

Przeprowadzona analiza wykazata, ze zastosowanie proponowanych architektur sieci neuro-
nowych umozliwito uzyskanie wyzszej jakosci krétkoterminowych prognoz frakcji pytu zawieszo-
nego w poréwnaniu z metodami referencyjnymi. Korzystniejsze wyniki odnotowano zaréwno dla
wybranych stacji pomiarowych analizowanych indywidualnie, jak i w przypadku wartosci usred-
nionych dla catego analizowanego zbioru danych. Wskazuje to, ze poprawa skutecznosci modeli
miata charakter systematyczny i nie byta ograniczona do pojedynczych lokalizacji. Ponadto za-
obserwowano, ze rozszerzenie danych wejsSciowych o parametry meteorologiczne przyczynia sie
do dalszego zwiekszenia doktadnosci generowanych prognoz.

Podsumowujac, wyniki przedstawione w pracy A7 stanowig potwierdzenie tezy rozprawy,
wskazujac, ze architektury bazujace na metodach gtebokiego uczenia moga efektywnie wspie-
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ra¢ krétkoterminowe prognozowanie stezen pytéw zawieszonych w réznych warunkach $rodo-
wiskowych. Jednoczednie, podobnie jak w przypadku wcze$niej oméwionych publikacji, nalezy
uwzglednié ograniczenia badania wynikajace z faktu, ze weryfikacja skutecznosci zaproponowa-
nego podejscia zostata przeprowadzona na wybranych zbiorach danych oraz dla konkretnych
lokalizacji pomiarowych. W konsekwencji uzyskane wyniki powinny byc¢ interpretowane w od-
niesieniu do analizowanych danych, przyjetych warunkéw eksperymentalnych oraz zastosowane;j
procedury walidacyjnej.

Podsumowujac, publikacja A7 stanowi istotny element czesci eksperymentalnej rozprawy,
w ktorej przeprowadzono autorskie badania z wykorzystaniem rzeczywistych danych pomiaro-
wych. W pracy dokonano oceny zaproponowanych metod poprzez ich poréwnanie z klasycz-
nym modelem referencyjnym, uzyskujac wyniki bezposrednio potwierdzajace zatozenia i teze
rozprawy. Warto$¢ naukowa pracy A7 wynika zatem zaréwno z osiggniecia lepszych wynikéw
prognostycznych wyrazonych nizszymi wartosciami miar btedéw, jak réwniez z wykazania ko-
niecznosci analizowania problemu prognozowania jakosci powietrza z uwzglednieniem wielu

lokalizacji, réznych rodzajéw zanieczyszczen oraz zmiennosci sezonowe;.

3.8 Podsumowanie

Przedstawione w niniejszym rozdziale wybrane wyniki badan i analiz, zaprezentowane w pracach
naukowych A1-A7, tworzg spdjna podstawe merytoryczng rozprawy doktorskiej i s3 bezpo-
Srednio powigzane z jej celem oraz postawiong teza badawcza. Przeprowadzone eksperymenty
wykazaty, ze metody oparte na uczeniu gtebokim moga skutecznie wspierac¢ krétkoterminowe
prognozowanie stezen zanieczyszczen powietrza, w szczegdlnosci pytu zawieszonego (frakcja
PMio i PMy5). Zaproponowane architektury, obejmujace zaréwno klasyczne sieci rekurencyj-
ne, jak i nowoczesne modele (m.in. TCN, FCN, GRU, xLSTM, KAN, VAE, TFT), osiaga-
ty wyniki poréwnywalne lub lepsze od modeli referencyjnych, co znajdowato odzwierciedlenie
w nizszych wartosciach miar btedéw. Uzyskane rezultaty potwierdzajg koniecznosé prowadzenia
analiz z uwzglednieniem wielu lokalizacji pomiarowych oraz mozliwie jak najszerszej informacji,
w tym w zakresie zmiennosci analizowanych stezen zanieczyszczeh oraz towarzyszacym za-
nieczyszczeniu warunkom meteorologicznym. Jednoczesnie nalezy podkresli¢, ze przedstawione
wyniki zostaty uzyskane dla okre$lonych zbioréw danych i wybranych stacji pomiarowych, przy
zastosowaniu konkretnych procedur podziatu danych oraz walidacji modeli. Oznacza to, ze
cho¢ otrzymane rezultaty potwierdzajg wysoka skutecznos¢ proponowanych rozwigzan, ich in-
terpretacja powinna uwzglednia¢ charakter analizowanych danych i warunki eksperymentalne.
W konsekwencji, dalsze badania obejmujace wigksza liczbe lokalizacji, dtuzsze szeregi czasowe
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oraz dane pochodzace z innych regionéw mogtyby dostarczy¢ dodatkowych przestanek dotycza-
cych mozliwosci generalizacji zaproponowanych metod i ich zastosowania w szerszym zakresie
praktycznych systemdéw monitorowania oraz prognozowania jakosci powietrza.
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Rozdziat 4

Uzupetniajaca analiza wynikéw badan
przedstawionych w pracach A2-A6

Wyniki przedstawione w poprzednim rozdziale obejmowaty rezultaty badan zaprezentowanych
w pracach A2-A7. W przypadku prac A2—A6 podstawe analiz stanowity dane PMS z roku 2022,
natomiast praca A7 zostata oparta na nowszym zakresie danych, obejmujacym lata 2023-
2024. W zwiazku z tym, w niniejszym rozdziale przedstawiono uzupetniajace eksperymenty
odnoszace sie do metod zaproponowanych w pracach A2—A6, przeprowadzone z wykorzystaniem
zweryfikowanych danych historycznych PMS z lat 2023 i 2024. Ich celem byta ocena stabilnosci
oraz zdolnosci uogdlniania opracowanych modeli w odniesieniu do nowszych obserwacji, ktére
nie byty dostepne na etapie prowadzenia pierwotnych badan dla prac A2-A6.

Eksperymenty dla danych z lat 2023 i 2024, tj. danych zweryfikowanych i opublikowanych
przez GlOS, przeprowadzono w sposéb analogiczny do analiz przedstawionych w pracach A2—
A6. Dane meteorologiczne ponownie pobrano z platformy Meteostat. Ze wzgledu na rozlegtos¢
przeprowadzonych eksperymentdw oraz potrzebe zachowania przejrzystosci prezentacji, wyniki
usredniono z uwzglednieniem wszystkich rozpatrywanych stacji pomiarowych, analizowanych
zanieczyszczen oraz okreséw badawczych. Eksperymenty powtérzono z zastosowaniem konfi-
guracji sieci zgodnych z podejsciami oméwionymi w rozdz. |3[ dla prac A2—-A6.

4.1 Prognozowanie stezen zanieczyszczen powietrza (ar-
tykuty A2 i A3)

W ramach zaprezentowanych prac A2 oraz A3 zaproponowano sieci TCN, KAN, FCN, GRU
oraz autoenkoder wariacyjny (VAE), ktére zostaty poréwnane z metodami: wygtadzania wy-
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ktadniczego, wygtadzania wyktadniczego Holta-Wintersa, algorytmami ARIMA oraz RF. Wyniki
przedstawiono w tabelach [4.1] oraz 4.2

Tabela 4.1. Dokfadnos¢ prognozowania na podstawie stezen historycznych — wyniki usrednione

(ze wzgledu na stacje pomiarowe oraz zanieczyszczenia), artykut A2

Rok  Typ danych Miara  Proponowane Metody bazowe
MAE 0,11 0,19
godzinowe MAPE 14,25 37,25
MSE 0,02 0,08
RMSE 0,14 0,28
2022 MAE 0,11 0,22
dobowe MAPE 16,61 41,26
MSE 0,03 0,10
RMSE 0,17 0,32
MAE 0,12 0,21
codzinowe MAPE 15,11 39,61
MSE 0,02 0,09
RMSE 0,14 0,30
2023 MAE 0,13 0,24
dobowe MAPE 17,15 43,36
MSE 0,04 0,11
RMSE 0,20 0,33
MAE 0,13 0,21
godzinowe MAPE 15,79 41,42
MSE 0,03 0,11
RMSE 0,17 0,33
2024 MAE 0,12 0,24
dobowe MAPE 18,19 46,81
MSE 0,04 0,12
RMSE 0,20 0,35

Wyniki wskazuja, ze skuteczno$é¢ proponowanej metody utrzymuje sie na zblizonym pozio-

mie réwniez dla nowszych danych obejmujacych lata 2023 i 2024. Dla danych godzinowych

wartosci btedu MAE dla proponowanej metody wyniosty odpowiednio 0,11, 0,12 oraz 0,13 dla

analizowanych lat, natomiast wartosci RMSE przyjmowaty wartosci 0,14 i 0,17. Analogicznie,
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Tabela 4.2. Dokfadnos¢ prognozowania na podstawie stezen historycznych — wyniki usrednione
(ze wzgledu na stacje pomiarowe oraz zanieczyszczenia), artykut A3

Rok  Typ danych Miara Proponowane Metody bazowe

MAE 0,11 0,19

godzinowe  MSE 0,02 0,08

RMSE 0,14 0,28

2022 MAE 0,11 0,22
dobowe MSE 0,03 0,10

RMSE 0,17 0,32

MAE 0,12 0,21

godzinowe  MSE 0,03 0,11

RMSE 0,17 0,33

2023 MAE 0,12 0,24
dobowe MSE 0,03 0,11

RMSE 0,17 0,33

MAE 0,12 0,21

godzinowe  MSE 0,03 0,12

RMSE 0,18 0,34

2024 MAE 0,11 0,24
dobowe MSE 0,03 0,13

RMSE 0,17 0,36
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dla danych dobowych uzyskano wartosci MAE w zakresie od 0,11 do 0,13 oraz RMSE od
0,17 do 0,20. Otrzymane rezultaty wskazuja, ze réznice pomiedzy poszczegdlnymi latami s3a
niewielkie i nie wskazuja na istotne pogorszenie jakosci prognoz wraz z uptywem czasu.

Jednoczes$nie w przeprowadzonych eksperymentach proponowane rozwigzanie uzyskato niz-
sze wartosci btedéw niz metody referencyjne opisane w literaturze, dla wszystkich analizowa-
nych lat i rozwazanych miar jakosci. Przyktadowo, w przypadku danych godzinowych w roku
2024 warto$¢ MAE dla metod literaturowych wyniosta 0,21, podczas gdy dla proponowanego
rozwigzania osiaggneta warto$¢ 0,13. Podobng tendencje zaobserwowano dla pozostatych ana-
lizowanych miar, tj. MAPE, MSE oraz RMSE. Warto réwniez zauwazy¢, ze wzgledna réznica
pomiedzy proponowana metoda a rozwigzaniami referencyjnymi pozostawata na zblizonym po-
ziomie dla poszczegdlnych lat, co wskazuje na stabilne zachowanie opracowanego podejscia
w analizowanym zbiorze danych.

Wyniki przedstawione w tab. sg zgodne z obserwacjami uzyskanymi dla danych z roku
2022 réwniez w odniesieniu do lat 2023 i 2024. Wartosci wszystkich analizowanych miar btedu
dla proponowanych metod utrzymuja sie na zblizonym poziomie. Dla danych godzinowych
warto$¢ MAE wzrosta nieznacznie z 0,11 w roku 2022 do 0,12 w latach 2023 i 2024, natomiast
RMSE wzrosto z 0,14 do 0,18. Analogiczne zalezno$ci zaobserwowano dla danych dobowych,
dla ktoérych uzyskano zblizone wartosci miar btedu w latach 2023 i 2024.

Jednoczesnie w przeprowadzonych eksperymentach proponowane rozwigzanie uzyskato niz-
sze wartosci btedéw niz metody referencyjne dla wszystkich analizowanych przypadkéw. Przy-
ktadowo, dla danych godzinowych w roku 2024 wartos¢ RMSE wyniosta 0,18 dla proponowa-
nych metod oraz 0,34 dla metod literaturowych, co wskazuje na okoto dwukrotnie mniejszy btad
prognozowania. Otrzymane rezultaty wskazuja, ze skuteczno$¢ opracowanych modeli utrzymuje
sie réwniez dla danych pochodzacych z okresu pdzniejszego niz wykorzystywany w badaniach
pierwotnych, co sugeruje ich zdolno$¢ do generalizacji na nowe dane.

Uzyskane wyniki potwierdzaja skuteczno$¢ w analizowanym zbiorze danych z lat 2023 i 2024.
Tym samym przeprowadzone eksperymenty wzmacniajg przestanki dotyczace stabilnosci modeli
oraz ich zdolnosci do skutecznego prognozowania wartosci stezen zanieczyszczeh powietrza
w dtuzszym horyzoncie czasowym.
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4.2 Prognozowanie stezen pytu zawieszonego (artykuty
A4—-Ab)

Artykut A4 W pracy A4 zaproponowano model sieci neuronowej typu transformer potaczony
z modutem regresji symbolicznej, ktéry zostat poréwnany z metodami takimi, jak: sie¢ MLP
i RNN, algorytm ARIMAX, k-NNR oraz LR. Wyniki przedstawiono w tabeli 4.3

Tabela 4.3. Doktadnos¢ prognozowania na podstawie stezen historycznych — wyniki dobowe
usrednione (ze wzgledu na stacje pomiarowe oraz zanieczyszczenia), artykut A4

Rok  Miara Proponowana Metody bazowe

MAE 0,11 0,26
2022 MSE 0,03 0,52
RMSE 0,17 0,72
MAE 0,12 0,28
2023 MSE 0,03 0,53
RMSE 0,17 0,73
MAE 0,12 0,29
2024 MSE 0,04 0,53
RMSE 0,20 0,73

Wyniki wskazuja, ze proponowana metoda uzyskuje w analizowanym zbiorze danych nizsze
wartosci analizowanych miar btedéw niz metody bazowe. Przyktadowo, dla roku 2022 warto$¢
MAE wyniosta 0,11 dla proponowanego rozwigzania oraz 0,26 dla metod bazowych, natomiast
RMSE osiagneto odpowiednio 0,17 i 0,72. Podobne zaleznosci zaobserwowano réwniez dla da-
nych z lat 2023 i 2024. Jednocze$nie wartosci btedéw dla proponowanej metody pozostaja
na zblizonym poziomie we wszystkich analizowanych latach, przy niewielkim wzroscie MAE
z 0,11 do 0,12 oraz RMSE z 0,17 do 0,20. Otrzymane rezultaty wskazuja, ze skutecznos¢
opracowanego podejscia utrzymuje sie réwniez dla danych pochodzacych z kolejnych lat po-
miarowych, a uzyskana poprawa wzgledem metod bazowych pozostaje wyrazna niezaleznie od
analizowanego okresu.

Artykut A5 Artykut A5 przedstawiat autoenkodery hierarchiczne (HA) oraz konwolucyjno-

rekurencyjny (CAE), ktére zostaty odniesione do algorytmu RF. Wyniki badan zostaty zapre-
zentowane w tabeli [£.4]
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Tabela 4.4. Doktadno$¢ prognozowania na podstawie stezen historycznych (a) oraz z uwzgled-
nieniem danych meteorologicznych (b) — wyniki dobowe us$rednione (ze wzgledu na stacje
pomiarowe oraz zanieczyszczenia), artykut A5

Proponowane Metoda bazowa
Rok  Miara (a) (b) (a) (b)
MAE 0,11 0,09 0,26 0,21

2022
0 MSE 0,03 0,03 0,56 0,52
MAE 12
2023 0, 0,10 0,28 0,24
MSE 0,04 0,03 0,61 0,58
2024 MAE 0,12 0,10 0,28 0,24

MSE 0,04 0,03 059 0,53

Analiza wskazuje, ze skuteczno$¢ proponowanych metod utrzymuje sie na zblizonym pozio-
mie dla danych z lat 2023 i 2024. Uzyskane wartosci miar MAE i MSE s3 bardzo zblizone do
wynikéw osiagnietych dla roku 2022, co wskazuje na stabilno$¢ opracowanych podejsc.

Podobnie, jak w przypadku wynikéw uzyskanych dla roku 2022, uwzglednienie danych me-
teorologicznych prowadzi do zmniejszenia btedu MAE z okoto 0,12 do 0,10 dla lat 2023 i 2024.
Jednoczesnie, uzyskano nizsze wartosci btedéw proponowanych metod nad rozwigzaniami li-
teraturowymi pozostaje wyrazna we wszystkich analizowanych latach. Otrzymane rezultaty
wskazuja, ze zaproponowane modele wykazuja stabilno$¢ dziatania réwniez dla nowszych da-
nych pomiarowych.

Artykut A6 W artykule A6 zaprezentowano warianty sieci KAN, TCN oraz TFT, ktérych re-
zultaty zostaty poréwnane z sieciami RNN i LSTM. Rezultaty eksperymentéw prognostycznych
przedstawiono w tabeli [4.5]

Ponownie, uzyskane wyniki sugeruja, ze skuteczno$¢ proponowanych metod utrzymuje sie
na wysokim poziomie réwniez dla danych z lat 2023 i 2024. Wartosci btedéw MAE i RMSE
pozostaja bardzo zblizone do wynikéw uzyskanych dla roku 2022, co wskazuje na stabilnos¢
modeli. Przyktadowo, wspétczynnik determinacji (R?) osiaga wartoéci z przedziatu 0,83-0,85
dla proponowanych rozwigzan, podczas gdy metody referencyjne uzyskuja wartosci okoto 0,59-
0,66. Wskazuje to, ze opracowane modele znacznie lepiej odwzorowuja rzeczywista zmiennos$¢
prognozowanych stezen zanieczyszczen.

Podobnie jak w poprzednich eksperymentach, uwzglednienie danych meteorologicznych na
og6t prowadzi do poprawy uzyskiwanych wynikéw. Zaréwno wartosci miar btedéw, jak i wspot-
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Tabela 4.5. Doktadno$¢ prognozowania na podstawie stezen historycznych (a) oraz z uwzgled-
nieniem danych meteorologicznych (b) — wyniki dobowe usrednione (ze wzgledu na stacje
pomiarowe oraz zanieczyszczenia), artykut A6

Proponowane Metody bazowe

Rok Miara (a) (b) (a) (b)
MAE 0,11 0,09 0,26 0,21

2022 RMSE 0,17 0,17 0,72 0,75
R? 0,83 085 0,59 0,61
MAE 0,12 0,10 0,28 0,24
2023 RMSE 0,17 020 0,73 0,78
R? 0,83 084 0,62 0,66
MAE 0,12 0,10 0,28 0,24
2024 RMSE 0,20 0,17 0,77 0,73
R? 0,84 085 0,61 0,63

czynnika determinacji pozostaja na zblizonym poziomie we wszystkich analizowanych latach.
Uzyskane rezultaty wskazuja, ze wnioski sformutowane na podstawie danych z roku 2022 po-
zostaja aktualne réwniez dla danych z lat 2023 i 2024. Jednocze$nie wyniki sugeruja zdolno$é
proponowanych metod do uzyskiwania stabilnych prognoz dla nowych danych pomiarowych.

4.3 Podsumowanie

Podsumowujac, dodatkowe eksperymenty przeprowadzone dla danych PMS oraz meteorologicz-
nych z lat 2023 i 2024 s3 zgodne z wnioskami sformutowanymi na podstawie wynikéw uzyska-
nych dla roku 2022. W analizowanych przypadkach proponowane metody utrzymaty korzystne
witasciwosci prognostyczne oraz uzyskaty nizsze wartosci btedéw w poréwnaniu z rozwigzaniami
referencyjnymi opisanymi w literaturze. Zaobserwowane réznice wartosci poszczegdlnych miar
btedéw pomiedzy kolejnymi latami byty niewielkie, co wskazuje na stabilne zachowanie opra-
cowanych modeli oraz ich mozliwos¢ generalizacji na dane pochodzace z kolejnych okreséw
pomiarowych.
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Rozdziat 5

Podsumowanie

W niniejszej rozprawie poruszono tematyke zwigzang z metodami oceny jakosci powietrza,
ze szczegbdlnym uwzglednieniem zagadnien zwigzanych z prognozowaniem stezehn wybranych
zanieczyszczen atmosferycznych.

W ramach przeprowadzonych prac zaproponowano i poddano szczegétowej analizie zestaw
metod opartych na technikach gtebokiego uczenia, przeznaczonych do prognozowania krétko-
terminowych stezen zanieczyszczen powietrza. Rozwazono architektury umozliwiajace efektyw-
ne modelowanie zaleznosci czasowych w szeregach danych, w tym bramkowe sieci rekurencyjne
typu GRU, sieci w petni konwolucyjne (FCN), sieci temporalne, a takze nowoczesne podejscia
bazujace na sieciach Kotmogorowa—Arnolda (KAN), sieciach typu transformer oraz autoen-
koderach przystosowanych do zadan predykcyjnych. Modele trenowano zaréwno w wariantach
wykorzystujacych wytacznie historyczne stezenia zanieczyszczen, jak i w rozszerzonych konfi-
guracjach uwzgledniajacych dane meteorologiczne. Przeprowadzone poréwnania wykazaty, ze
rozszerzenie przestrzeni cech o zmienne meteorologiczne moze prowadzi¢ do poprawy jakosci
predykcji w analizowanym zbiorze danych. Uzyskane wyniki wskazuja jednoczednie, ze konco-
wa skuteczno$¢ prognozowania zalezy zaréwno od zastosowanej architektury modeli, jak i od
zakresu dostepnych danych wejsciowych.

Zrealizowane badania potwierdzity skuteczno$¢ zaproponowanych metod w analizowanym
zbiorze danych obejmujacym wybrane lokalizacje pomiarowe w Polsce. Modele osiggnety niskie
wartoséci miar btedéw predykcji, takich jak MAE, MSE oraz RMSE. Przeprowadzona anali-
za statystyczna wykazata istotng przewage opracowanych podej$¢ nad klasycznymi metodami
statystycznymi oraz wybranymi architekturami referencyjnymi w badanej probie, co potwier-
dzito zasadno$¢ zastosowania metod gtebokiego uczenia w zadaniach prognozowania jakosci
powietrza w rozpatrywanych warunkach. Istotnym elementem badan byto wykorzystanie da-
nych pochodzacych ze stacji pomiarowych GIOS, zlokalizowanych w zréznicowanych warunkach
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Srodowiskowych, obejmujacych zaréwno obszary metropolitalne, miasta Sredniej wielkosci, jak
i miejscowosci uzdrowiskowe oraz obszary o nizszym stopniu urbanizacji. Dobér danych umozli-
wit ocene odpornosci modeli w analizowanym zbiorze danych oraz ich zdolnosci do generalizacji
pomiedzy rozpatrywanymi lokalizacjami.

Uzyskane wyniki badan potwierdzity zasadno$é postawionej tezy, wskazujac, ze metody gte-
bokiego uczenia zapewniaja wyzsza doktadnos$¢ prognozowania stezen pytéw zawieszonych oraz
innych zanieczyszczen powietrza niz klasyczne podejscia statystyczne i regresyjne w zréznico-
wanych warunkach geograficznych i $rodowiskowych dla analizowanego zbioru danych. W kon-
sekwencji, zrealizowano cel rozprawy, ktéry polegat na opracowaniu i ocenie nowoczesnych me-
tod prognozowania stezen zanieczyszczen powietrza w Polsce z uwzglednieniem zréznicowanych
warunkéw geograficznych i srodowiskowych. Zrealizowane zostaty réwniez wszystkie zatozone
zadania badawcze. Za najistotniejsze, oryginalne osiggniecia niniejszej rozprawy mozna uznad:

(1) Opracowanie i ocene metod prognozowania stezei zanieczyszczeh powietrza opartych
na technikach gtebokiego uczenia, testowanych w analizowanym zbiorze danych zaréwno
w wariantach wykorzystujacych historyczne stezenia zanieczyszczen, jak i w rozszerzonych
konfiguracjach uwzgledniajacych dodatkowo dane meteorologiczne;

(2) Przeprowadzenie eksperymentéw prognostycznych na danych z wielu stacji pomiarowych,
umozliwiajacych ocene stabilnosci modeli oraz ich zdolnosci do generalizacji pomiedzy
rozpatrywanymi lokalizacjami;

(3) Poréwnanie skutecznosci zaproponowanych metod z metodami referencyjnymi oraz oceng
jakosci prognoz z wykorzystaniem standardowych miar btedéw predykcji umozliwiajace
ilosciowg weryfikacje efektywnos$ci opracowanych modeli;

(4) Rozwiniecie eksperymentéw prognostycznych na lata 2023 i 2024, pozwalajace na stwier-
dzenie stabilnosci prognoz proponowanych metod.

Opracowane modele moga wspieraC proces podejmowania decyzji zwigzanych z monito-
rowaniem stanu atmosfery oraz ograniczaniem skutkéw epizodéw wysokiego zanieczyszcze-
nia. Wiarygodne prognozy stezeh moga by¢ wykorzystane przez jednostki odpowiedzialne za
zarzadzanie $rodowiskiem do wczesniejszego identyfikowania okreséw podwyzszonego ryzyka
wystapienia epizodéw wysokiego zanieczyszczenia powietrza, mogacych prowadzi¢ do nieko-
rzystnych skutkéw zdrowotnych, planowania dziatan prewencyjnych oraz informowania spote-
czenstwa o spodziewanym pogorszeniu jakosci powietrza. Tym samym uzyskane rezultaty przy-
czyniaja sie do rozwoju narzedzi wspomagajacych ochrone zdrowia publicznego oraz realizacje
dziatan ukierunkowanych na poprawe jakosci srodowiska.
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Badania przeprowadzone w ramach niniejszej rozprawy doktorskiej, obejmujace analize da-
nych pomiarowych pochodzacych z réznych lokalizacji w Polsce, pozwalajg ocenié¢ skutecznosé
opracowanych modeli w zréznicowanych warunkach $rodowiskowych i emisyjnych. Jednocze-
$nie przeprowadzona analiza wskazuje na dalsze mozliwosci rozwoju badan, zwigzane przede
wszystkim z integracja bardziej heterogenicznych zrédet danych, obejmujacych m.in. sieci czuj-
nikéw niskokosztowych, stacje mobilne, systemy sensorowe oraz dane satelitarne. Takie podej-
$cie mogtoby zwiekszy¢ pokrycie przestrzenne analiz i umozliwi¢ prognozowanie jakosci po-
wietrza réwniez na obszarach stabiej objetych monitoringiem. Istotnym kierunkiem pozostaje
takze rozwijanie modeli uwzgledniajacych zaleznosci czasowo-przestrzenne, integracja prognoz
krétkoterminowych z analizami dtugoterminowymi i scenariuszowymi, a takze szersze wykorzy-
stanie metod interpretowalnej sztucznej inteligencji, pozwalajacych lepiej rozpoznawaé wptyw
czynnikédw meteorologicznych, sezonowych i emisyjnych na wyniki modeli. Z punktu widzenia
zastosowan praktycznych szczegdlne znaczenie ma dalsze powigzanie metod prognostycznych
z systemami wczesnego ostrzegania oraz narzedziami wspomagania decyzji w zarzadzaniu ja-
koscig powietrza. Waznym aspektem pozostaje réwniez uwzglednienie problemu brakujacych
danych pomiarowych, charakterystycznego dla rzeczywistych, rozproszonych systeméw moni-
toringu jakosci powietrza, ktéry moze stanowi¢ element oceny odpornosci, skalowalnosci oraz
uzytecznosci opracowywanych metod.

Rozwazajac zastosowanie opracowanych modeli, nalezy wskazaé réwniez pewne ograniczenia
przeprowadzonych badan. Uzyskane wyniki sa zalezne od charakterystyki analizowanych zbio-
réow danych, w tym lokalizacji stacji pomiarowych, zakresu dostepnych zmiennych oraz specyfiki
obserwowanych warunkéw atmosferycznych. Dodatkowym ograniczeniem jest niejednorodnosé
danych wykorzystywanych w poszczegdlnych publikacjach, wynikajaca z réznic w okresach po-
miarowych, lokalizacjach oraz dostepnych parametrach wejsciowych. Zakres przeprowadzone;j
walidacji obejmowat okreslone zbiory danych i lokalne systemy monitoringu, dlatego konieczne
s dalsze badania uwzgledniajace dane pochodzace z innych regionéw, krajéw oraz odmiennych
typéw sieci pomiarowych. Ponadto, przed zastosowaniem opracowanych modeli w rzeczywistych
systemach operacyjnych, warto rozwazy¢ dodatkowe etapy walidacji oraz ocene ich przydatnosci
w warunkach ciagtej eksploatacji.
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Abstract

Air quality is crucial for public health and the environment, which makes it important to
both monitor and forecast the level of pollution. Polluted air, containing harmful substances
such as particulate matter, nitrogen oxides, or ozone, can lead to serious respiratory and
circulatory diseases, especially in people at risk. Air quality forecasting allows for early
warning of smog episodes and taking actions to reduce pollutant emissions. In this article,
we review air pollutant concentration forecasting methods, analyzing both classical statis-
tical approaches and modern techniques based on artificial intelligence, including deep
models, neural networks, and machine learning, as well as advanced sensing technologies.
This work aims to present the current state of research and identify the most promising
directions of development in air quality modeling, which can contribute to more effective
health and environmental protection. According to the reviewed literature, deep learning—
based models, particularly hybrid and attention-driven architectures, emerge as the most
promising approaches, while persistent challenges such as data quality, interpretability, and
integration of heterogeneous sensing systems define the open issues for future research.

Keywords: air pollution; forecasting; machine learning; deep models; particulate matter

1. Introduction

Air quality is crucial for human health and the functioning of ecosystems. Pol-
luted air contains harmful substances such as particulate matter (PM), nitrogen oxides, or
benzo(a)pyrene, which can cause serious respiratory and circulatory system diseases [1].
Long-term exposure to pollution increases the risk of asthma, chronic obstructive pul-
monary disease (COPD), and cancer [2,3]. Children, the elderly, and people suffering
from chronic diseases are particularly at risk [4]. Monitoring air quality allows for early
warning of smog and taking action to reduce the emission of harmful substances. Thanks
to appropriate regulations and initiatives, such as low-emission zones or the development
of electric transport, air quality can be effectively improved. Taking care of clean air is an
investment in the health of society and environmental protection [5].

The monitoring of air quality includes predicting the concentrations of various pol-
lutants that have a significant impact on human health and the environment. The most
frequently forecasted are particulate matter PM;y and PM, 5, which, due to their small
diameter, can penetrate the respiratory and circulatory systems, causing serious health
problems [6]. Gases such as sulfur dioxide (SO;), carbon monoxide (CO), and nitrogen
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oxides (NO and NO,), which mainly come from the combustion of fossil fuels and road
traffic, are also an important element of forecasts [7]. Particular attention is also paid to
ozone (O3), which is formed as a result of chemical reactions in the atmosphere and can
be harmful at high concentrations. Depending on local meteorological conditions and
emission sources, forecasts may also include other substances, such as benzo(a)pyrene or
volatile organic compounds (VOCs). Indicators such as the Air Quality Index (AQI) [8] and
the Air Pollution Index (API) [9] are used to classify air quality and inform the public about
the level of risk. AQI used worldwide takes into account various pollutants and presents
the results on an easy-to-read numerical and color scale, while API is an older indicator,
used mainly in some Asian countries. There are also other metrics, such as AQHI [10],
CAQI [11], DAQI [12], CAI[13], PSI [8], IAQI [14], which are used in different countries. A
summary of the air quality indicators is presented in Table 1.

Table 1. Selected air quality indices adopted in different countries and regions.

Index Country/Region Main Pollutants Considered Scale Remarks
Widely used worldwide; health
AQI USA, China, India, others PM; 5, PMyg, O3, CO, NO,, SO,  0-500 categories from “Good”
to “Hazardous”
Malaysia (legacy), Hong Kong Replaced by AQHI in
API (before 2013) PMio, 502, NO,, O3, CO 0-500 Hong Kong in 2013
Canada, Hong Kong Focused on health
AQHI (since 2013) PMz5, O3, NO, 1-10+ risk communication
. Used in Copernicus/EEA air
CAQI  European Union (EEA) PM; 5, PMyg, NO,, O3, SO, 0-100 quality maps
. . Public information, combined
DAQI  United Kingdom PM; 5, PMy, O3, NO,, SO, 1-10 with health advice
Includes both current and
CAI South Korea PM2,5, PMlo, 03, CO, NOz, SOZ 0-500 forecasted conditions
. Based on US AQI but adapted
PSI Singapore PM; 5, PMyp, O3, CO, NO,, SO, 0-500 to local standards
. Each pollutant separately . Used as components of
IAQL China (PM, gases) 0-500 overall AQI

Information on predicted air quality also helps in planning environmental policy,
e.g., limiting car traffic or introducing smog alerts. Modern methods based on artificial
intelligence and numerical models allow for increasingly accurate analysis and forecasting
of changes in air quality. The better the forecasts, the more effective preventive measures,
which translates into improved public health and environmental protection. Therefore, the
development and improvement of air quality forecasting methods should be one of the
priorities in environmental policy [15]. The major air pollutants and their short descriptions
are described in Figure 1.
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Benzene; toxic VOC
from fuel combus-
tion and industrial
emissions. Long-term
exposure is linked to
cancer.

Sulfur oxides; re-
sult from burning
sulfur-containing fu-
els. Contribute to
acid rain and respira-
tory problems.

CO is a toxic gas
from incomplete com-|
bustion. CO; is a
greenhouse gas con-
tributing to climate
change.

CsHg

Major Air Pollutants

O3

Nitrogen oxides; key
in ozone and smog
formation. Harmful

Fine and coarse par-
ticles; penetrate deep
into lungs. Associ-
ated with cardiovas-
cular and respiratory
diseases.

Ground-level ozone;
secondary pollutant
formed by photo-
chemical reactions.
Irritates lungs and
eyes.

to respiratory health.

Figure 1. Major air pollutants and their short descriptions [16].

In this paper, we review air quality forecasting methods, including modern techniques
based on artificial intelligence, as well as classical approaches based on statistical founda-
tions. In particular, we analyze deep models, such as neural networks, which can effectively
predict pollution levels. We also present machine learning methods that use historical data
and environmental factors to forecast air quality in various conditions. Additionally, we
discuss statistical approaches that are still used in trend analysis and short-term forecasting.
Moreover, we analyze advanced sensing technologies, including low-cost, mobile, and
IoT-based air quality monitoring systems, which enable flexible and scalable data acquisi-
tion. These sensor-based solutions, when properly calibrated and enhanced with Al, can
complement traditional monitoring networks and significantly improve data granularity.
We analyze the efficacy of these methods, indicating their advantages and limitations in
the context of different forecasting scenarios. Therefore, the goal of the paper is to present
the current state of research and indicate the most promising directions of development
in the field of air quality modeling and monitoring. The relations of forecasting methods
discussed in the paper are presented in Figure 2.
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Figure 2. Categorization of forecasting methods with selected algorithms/methods. Deep learning is
a subcategory of machine learning [16].

Organization of the paper and conventions

The paper adopts the structure of a traditional narrative review and is organized
as follows. In Section 2, we describe the advanced sensing techniques for air pollution
monitoring and detection. Section 3 describes neural networks and deep learning models.
In Section 4, the description of classical machine learning methods is included. In the
Section 5, the statistical methods for forecasting are described. Section 6 presents the
hybrid methods. Each section is summarized in a table and a discussion subsection,
which contains all the methods discussed. In Section 7, other methods for forecasting
are considered. Section 8 summarizes the paper, with the directions of open issues and
future work.

At the end of the paper, there is an appendix that presents full explanations of the
abbreviations of the forecasting methods reviewed in this survey. Additionally, it includes
formulas for all quality measures used in the analysis, which facilitates their interpretation
and a comparison of results.
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2. Advanced Sensing Techniques

This section presents an overview of air pollution detection methods using various
types of sensors, both stationary and mobile. Technologies based on low-cost sensors,
drones, and wireless sensor networks are discussed. The advantages and limitations of
each solution are also highlighted in terms of measurement accuracy, weather resistance,
and integration with modern data processing technologies.

In [17], a low-cost LoRaWAN wireless network for particulate matter (PM) mea-
surements, tested in an industrial setting (Riotinto mine), is developed. The devices
are based on SDS011 sensors and Arduino and Raspberry Pi components. Local cali-
bration was performed, achieving an MAE of less than 0.3 pg/m?® and a coefficient of
determination of R* = 0.96. The network enables real-time data collection and transmis-
sion to a cloud platform. The authors point to the solution’s high cost-effectiveness for
environmental monitoring.

The aim of the study [18] was to calibrate a low-cost NO,, NO, O3, CO, and PM;5
sensors called ENSENSIA in an urban environment using machine- and deep learning mod-
els. Data collected in a German city were compared with official reference stations. After
calibration, high agreement was achieved (R? > 0.86) and measurement error was reduced.
The authors demonstrate that onsite calibration significantly improves the reliability of
measurements. The study emphasizes the need for dynamic correction of low-end sensors.

The paper [19] describes the design of a low-cost drone-mounted air quality measure-
ment system for the city of Opole, Poland. The system utilizes a PMS7003 sensor for PM; 5
and PM; detection, MQ sensors for gas detection (NO,, CO), and a GPS module. The total
cost of the device was under EUR 70, making it extremely competitive. The results showed
that the UAV-derived data correlated with ground-based data. The paper demonstrates the
potential of drones for the rapid and cost-effective identification of smog-prone areas.

In [20], the drones equipped with laser sensors for detecting gaseous pollutants
(CeHg, HCHO, SO»); and particulate matter (PM;, PM; 5, and PM;y) and GPS sensors to
monitor linear emissions (e.g., along roads and railways) were used. The devices analyzed
pollutants in the vertical profile of the atmosphere and along transportation routes. The
drones operated autonomously and collected data under variable atmospheric conditions.
The results were compared with data from reference stations. This work suggests that
UAVs are the future of microregional emission source detection.

In [21], the Enviro-IoT system, which is a low-cost, real-time air quality monitoring
solution based on miniature sensors and IoT technology, is presented. The authors describe
the four-year design and implementation process of the system, then present the results of a
nine-month study in urban environments. The system was compared with industrial-grade
testing equipment and achieved high measurement accuracy for PM; 5, PM;g, and NO,
(98%, 97%, and 97%, respectively). The analysis included over 57,000 samples, confirming
the solution’s effectiveness. The paper demonstrates that low-cost sensors combined with
IoT can be an effective alternative to traditional measurement systems.

The research [22] involves developing a low-cost, self-built air quality assessment
system that can be used both indoors and outdoors. The system is based on ESP32 micro-
controllers using the ESP-NOW wireless communication protocol and Alphasense sensors
to measure the concentration of aerosols and gases such as NOy, SO, O3, CO, CO,, and
H,S. The device was used to assess air contaminated with tobacco smoke after passing
through a DBD plasma purification reactor. A significant reduction in aerosol and SO,
particles was observed, while an undesirable increase in NO, was observed. The measure-
ment results were consistent with trends observed with the professional GRIMM device,
confirming the potential of the developed system as a cost-effective and effective alternative
to air quality monitoring.
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The work [23] focuses on developing a universal method for calibrating low-cost air
quality sensors, enabling their mass deployment in urban monitoring networks. Standard
approaches require individual calibration of each sensor, which generates high costs and
limits scalability. The authors propose a global calibration method without transfer samples,
based on data from a limited number of sensors and machine learning algorithms, that can
be applied to all devices of a given type. Tests conducted at different times of the year have
shown that the effectiveness of this method is comparable to approaches requiring individ-
ual calibration parameters. Implementing such calibration could significantly reduce costs
and enable the widespread use of accurate, low-cost IoT devices for air quality monitoring.

The study [24], conducted in Delhi, examined three popular PM sensor models (SPS30,
PMS7003, HPMA115C0-004) in high humidity and dust conditions for PM; 5 detection.
The work highlights the need for dynamic calibration and the implementation of real-time
humidity compensation. Long-term sensor drift analysis is also conducted.

In [25], the application of TinyML platforms to real-time ozone prediction using low-
cost devices such as the Arduino Nano BLE Sense is demonstrated. The aim of the system
is to detect the CO concentrations, using temperature and air pressure. The solution is
low-cost and operates in real time, and can be mounted on drones.

In [26], the calibration of low-cost particulate matter sensors, which are gaining
popularity due to their low price and portability, is addressed. Standard calibration methods
require large amounts of data from simultaneous reference measurements, which is time-
consuming and expensive. The authors propose the use of transfer learning methods,
which allow for efficient sensor calibration with minimal interaction time with the reference
device. In particular, they present a meta-learning approach that utilizes data from other
sensors and a limited amount of data from the target sensor. Experiments on PM; 5
concentrations show that this method outperforms other compared approaches in terms of
calibration efficiency.

The research presented in [27] proposes the creation of high-resolution PM; 5 maps
by combining data from 320 mobile vehicle-mounted sensors and 52 stationary stations.
Machine learning algorithms were used for data correction and spatial interpolation. The
maps achieved a resolution of 500 m and a 5-min refresh rate, with a global error of +4.3%.
The work demonstrates the enormous potential of hybrid (mobile-stationary) systems for
managing urban air quality.

The paper [28] presents a low-cost, multi-parameter air quality monitoring system that
utilizes various machine learning algorithms for calibration. The system simultaneously
measures the concentration of particulate matter (PM, 5, PM;g) and gases (50,, NO,, CO,
0O3), taking into account temperature and humidity. A prediction model was developed
and compared with data from reference devices, evaluating the performance of different
ML algorithms. The results demonstrate high prediction accuracy (R? up to 0.99) with low
RMSE and MAE errors. It was demonstrated that the system supported by ML algorithms
can effectively predict the concentration of particulate matter and gases in the air.

The paper [29] presents a low-cost air quality monitoring platform based on an un-
manned aerial vehicle (UAV) equipped with specialized sensors for measuring CO, O3,
and NO,. The solution aims to increase the mobility and availability of measurements in
hard-to-reach locations, addressing the limitations of traditional measurement networks,
such as high costs and a lack of mobility. The system enables real-time data collection and
UAYV tracking using LoRa communication and the PTECA web application. The platform
provides data visualization and live monitoring during sample collection. Initial tests in
controlled airspace using geofencing confirmed the effectiveness and practicality of the
proposed solution.

The advanced sensing techniques are summarized in Table 2.
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Table 2. Advanced sensing techniques for air pollutants forecasting.

Reference Air Pollutants Country/Region Sensors/Techniques
Zafra et al. [17] PMio Europe/Spain LoRaWAN
Apostolopoulos et al. [18] CO, NO, NO,, O3, PM; 5 Europe/Greece ENSENSIA sensors
Pochwata et al. [19] CO, NO,, PM;y, PM; 5 Europe/Poland utilizing drones
C¢Hg, HCHO, SO,, PM;,
Jaron et al. [20] PM;, PM 5 Europe/Poland drones
Johnson et al. [21] NO,, PM;y, PM, 5 Europe/England Enviro-loT sensors system
ESP32 boards + wireless
Moskal et al. [22] CO, CO,, HyS,NOy, 03,50,  Europe/Germany communication protocol
ESP-NOW
. Low Cost Air Quality
De Vito et al. [23] PM; 5 Europe/Norway Monitoring System
. . SPS30, PMS7003,
Kumar et al. [24] PM; 5 Asia/India HPMA115C0-004 sensors
. . TinyML + Arduino Nano
Ken et al. [25] CcO Asia/India BLE Sense
Yadav et al. [26] PM; 5 Asia/India low-cost particulate
matter sensors
Xu et al. [27] PMy 5 Asia/Hong Kong vehicle-mounted sensors
CO, NO,, O3, SO,, . . low-cost, multi-parameter air
Wang etal. [28] PM;yy, PM5 5 Asia/China quality monitoring system
low-cost air quality
Medina et al. [29] CO, NO,, O3 Sth. America/Colombia monitoring platform +
drones + LoRA + PTECA
Discussion

Recent advances in low-cost air quality monitoring systems demonstrate remarkable
diversity in sensing platforms, sensor types, and data processing techniques. Many studies
emphasize mobile and flexible deployment, such as drone-based platforms and vehicle-
mounted sensors, which offer high spatial resolution in dynamic environments. Fixed
IoT-based networks like Enviro-IoT or LoRaWAN provide real-time coverage at low cost.
A common theme is the need for calibration, either via on-site methods or via scalable
machine learning solutions. Overall, modern systems combine compact sensors with
machine learning methods, wireless communication (e.g., ESP-NOW, LoRa), and sometimes
TinyML, enabling efficient and accurate air pollution detection across various environments.

In addition to low-cost and mobile sensing platforms, a wide range of sensor types
is employed in air quality monitoring, each offering distinct advantages and limitations.
IoT-enabled low-cost devices provide high-density local coverage, while reference-grade
ground stations remain the standard for accuracy and regulatory compliance. Satellite-
based imaging systems contribute large-scale spatial coverage and long-term historical
records, although with coarser temporal resolution. Aircraft- and drone-mounted sensors
fill the gap by delivering flexible, high-resolution observations in areas that are otherwise
inaccessible. Together, these complementary approaches highlight the importance of sensor
diversity in environmental monitoring, as no single technology alone can provide the
accuracy, coverage, and scalability required for comprehensive air quality forecasting.

However, despite these advances, low-cost sensors remain prone to drift, humidity
sensitivity, and degradation over time, which can compromise data reliability; in this con-
text, machine learning models are particularly valuable because they can dynamically learn
correction patterns, compensate for non-linear sensor behavior, and extend the practical
usability of such systems. Low-cost solutions provide significant flexibility, mobility, and
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scalability, making them attractive for dense urban deployments; however, their effec-
tiveness is often constrained by challenges such as long-term stability, susceptibility to
atmospheric conditions (e.g., humidity and temperature fluctuations), signal drift, and the
limited lifetime of inexpensive components. Although local calibration procedures and
ML algorithms can decrease some of these shortcomings, persistent issues related to stan-
dardization, interoperability, power quality, and data transmission limit their widespread
adoption in industrial or institutional contexts.

By contrast, satellite-based and conventional ground monitoring stations offer higher
measurement accuracy and broader spatial coverage but are associated with high costs,
limited accessibility, and lower temporal resolution. These differences highlight the impor-
tance of data quality and diversity, as relying on a single type of monitoring source can
lead to biased or incomplete forecasts. Future research directions should therefore focus
on designing robust fusion strategies that integrate heterogeneous datasets from multiple
sensor types, exploiting their complementary strengths to achieve improved forecasting
accuracy, resilience to missing or noisy data, and broader applicability across different
regions and time scales. In particular, hybrid frameworks that combine high-resolution
local sensor data with the wide coverage of satellite observations may provide a more
holistic representation of pollution dynamics and support more effective environmental
decision-making. Moreover, integrating heterogeneous data sources, such as IoT-based
networks, mobile monitoring platforms, and satellite observations, could further enhance
model generalizability and robustness, ensuring that forecasting systems remain accurate
across diverse environments and evolving pollution scenarios.

3. Neural Networks and Deep Learning Models

In this section, we present methods for forecasting air pollution concentrations based
on deep learning. Modern neural networks, thanks to their ability to model complex nonlin-
ear relationships, show high efficiency in predicting changes in air quality. We will discuss
various network architectures, i.e., artificial neural networks (ANN), multilayer perceptron
(MLP), convolutional neural networks (CNN), long short-term memory, recurrent neural
networks (RNN), which are used in the analysis of time series of pollution.

3.1. Artificial Neural Networks

The paper [30] uses the artificial neural network method and the group data handling
method to predict CO; emissions based on energy sources. The experiments used data
from the following five countries: Iran, Kuwait, Qatar, Saudi Arabia, and the UAE. The
evaluation by using the R? confirmed its efficacy in predicting CO, emissions.

In [31], an artificial neural network-based integrated model to predict the indoor
environmental parameters, including predicted mean vote and concentrations of CO,,
PM;, and PM; 5, in a school building was proposed. The model was optimized using a
multi-objective genetic algorithm and prevents spurious regression by excluding irrelevant
input variables. The prediction accuracy was evaluated with root mean square error,
which demonstrated high accuracy and applicability for building environment control and
energy optimization.

The research [32] evaluates the ability of an artificial neural network to predict hourly
air pollutant concentrations and air quality indices for Ahvaz (Iran), one of the most
polluted cities due to dust storms. The proposed model, using meteorological data, pol-
lutant concentrations, and time-related factors, showed a higher correlation coefficient
(R) and a lower root mean square error (RMSE) for six criteria pollutants, compared with
other models.
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In the paper [33], neural networks combined with meteorological data were used to
predict hourly PM; 5 concentrations. The experiments were conducted using data from
the Beijing Aotizhongxin monitoring station. The proposed method demonstrated high
prediction accuracy, achieving better R? values compared to other approaches.

The study in [34] applied an artificial neural network to forecast PM, 5 concentrations
in Liaocheng. The model, consisting of 11 input parameters, a hidden layer with 6 neurons,
and a single output, was trained on 80% of the dataset and validated on 10%. The analysis
revealed a gradual decline in PM; 5 levels, with the Bayesian Regularization algorithm
providing the most accurate predictions and yielding high correlation coefficients. These
results demonstrate the ability of ANN to capture nonlinear relationships and to effectively
predict monthly PM; 5 concentrations. In addition, [35] reported the use of ANN for
forecasting hourly PM; 5 and PMj levels in Chongging.

The study in [36] explored the application of artificial neural networks (ANN) and
wavelet transform neural networks (WANN) for forecasting daily PM, 5 concentrations in
Shanghai. Between 2014 and 2020, PM; 5 levels declined by 39.3%. The models utilized
meteorological variables and pollutant concentrations from previous days, with minimum
and maximum temperature and maximum atmospheric pressure identified as the most
influential factors. Among the tested models, WANN with the tansig—purelin activation
function consistently outperformed ANN at all stages of evaluation, demonstrating high
predictive accuracy and confirming its suitability for PM; 5 forecasting in support of air
quality management strategies.

In [37], an artificial neural network model using meteorological and PM data to predict
daily concentrations of PM; 5 and PMj is considered. Among the four tested models, the
wavelet-based multilayer perceptron neural network outperformed the others, especially
when utilizing lagged wind speed as a predictor. The proposed model achieved high
accuracy, with R? values up to 0.91 for PM; 5 and 0.98 for PM;, and low RMSE values.
These findings demonstrate the model’s potential for reliable air quality forecasting and
issuing timely health alerts.

In [38], an artificial neural network model to forecast short-term CO, emissions in
the cereal sector of Apulia (Southern Italy) is proposed. The model aims to evaluate the
environmental impact of adopting sustainable farming methods on pollution reduction.
The approach offers a flexible alternative to classical methods, which are often too rigid
for modeling complex environmental phenomena. The goal is to explore how more eco-
friendly agricultural practices can help reduce CO, emissions in the region.

The research in [39] explores machine learning-based prediction of nitrogen dioxide
(NOy) concentrations, utilizing historical pollutant levels and meteorological data. Fo-
cusing on Erfurt (Germany), the study uses temporal dependencies through embedded
variables, enabling the model to account for local factors such as traffic and special events.
Additionally, the approach utilizes pollutant seasonality and seven meteorological parame-
ters to predict NO, levels in the upcoming hours. Experimental results demonstrate higher
forecasting accuracy compared to other models, particularly during disruptions in typical
seasonal patterns, such as holidays. These predictions can support emission management
strategies, including traffic regulation.

3.2. Convolutional Neural Networks

In [40], convolutional neural network models were employed to predict real-time PMy
and PM, 5 concentrations in Poland. The evaluation, based on R? and RMSE measures,
confirmed the models’ high accuracy in forecasting the analyzed concentrations.

The paper [41] presents a deep learning model for forecasting PM; 5 air quality, ad-
dressing the challenges posed by the nonlinear and dynamic nature of multivariate air
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quality time series data. The proposed model integrates one-dimensional convolutional
neural networks (1ID-CNNs) to capture local trends and spatial correlations, along with
bi-directional long short-term memory networks (Bi-LSTM) to learn spatial-temporal de-
pendencies. This architecture is designed to extract shared features from multivariate time
series data related to air quality. Extensive experiments with real-world datasets demon-
strate that the model achieves high accuracy in PM, 5 forecasting, making it a promising
approach for air pollution prediction and management.

In [42], the prediction of particulate matter concentrations in Beijing (China), using
deep learning methods, is considered. The paper utilizes a convolutional neural network
and a long short-term memory network model to predict hourly PM concentrations, utiliz-
ing meteorological data, historical pollutant data, and concentrations from nearby stations
as spatial-temporal features. The performance of various deep learning algorithms, includ-
ing LSTM, Bi-LSTM, GRU, Bi-GRU, and CNN, was compared, with the CNN-LSTM model
outperforming all others in predictive accuracy. These results demonstrate the effectiveness
of combining convolutional neural networks and long short-term memory networks for air
quality prediction.

The work [43] developed a model combining convolutional neural networks and long
short-term memory networks for air pollution prediction using sensor data. It considered
both univariate and multivariate models, with the latter using data from multiple pollutants
and meteorological factors. The model was tested using data from Barcelona, Kocaeli, and
Istanbul, showing significant improvements in prediction accuracy compared to traditional
LSTM models. Transfer learning was also applied, with better results when transferring
the model from Kocaeli to Istanbul, highlighting the model’s adaptability to different cities.

The study [44] proposed a spatiotemporal convolutional neural network and long
short-term memory model to predict daily average PM, 5 concentrations in Beijing City
(China). The model used both linear and nonlinear correlations between target and obser-
vation parameters, using historical air quality and meteorological data from 384 monitoring
stations across China. By efficiently extracting features through CNN and reflecting long-
term data trends with LSTM, the model achieved accurate and fast predictions. Compared
to multilayer perceptron and LSTM models, the CNN-LSTM method demonstrated better
stability and performance in air quality prediction.

The study presented in [45] introduces a deep learning model that combines a convo-
lutional neural network with a long short-term memory network to predict hourly total
suspended particle (TSP) concentrations. The CNN serves as a data processor, utilizing
feature extractors based on statistically significant lagged variables. The LSTM network
utilizes a new feature mapping scheme to predict the next hourly TSP concentration. Exten-
sive testing of the proposed model demonstrates its better performance compared to an
ensemble of five other machine learning models.

In [46], a CNN-LSTM model is developed to forecast the PM, 5 concentration for
the next 24 h in Beijing. This model combines the strengths of both convolutional neural
networks and long short-term memory networks: CNN efficiently extracts air quality-
related features, while LSTM captures the long-term temporal context of the data. The
model takes air quality data from the past 7 days as input and predicts the next day’s
PMj; 5 concentration. The study compares four models: univariate LSTM, multivariate
LSTM, univariate CNN-LSTM, and multivariate CNN-LSTM. The results indicate that
the proposed multivariate CNN-LSTM model outperforms the others, achieving the best
performance with low error and short training time.
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3.3. Attention-Based Methods

In the work [47], the authors propose a model combining a wind-sensitive attention
mechanism, an LSTM network, and XGBoost to predict PM; 5 concentrations, taking into
account the influence of wind direction and speed on pollutant transport. The input
data included PM; 5 measurements from neighboring areas and meteorological forecasts.
Experiments were conducted using real PM; 5 data and weather forecasts.

The research [48] proposes a new air quality forecasting model based on the IMDA-
VAE architecture, which combines a variational autoencoder and an attention mechanism.
The method is experimentally validated using pollution data from four US states. Eval-
uation based on six statistical metrics demonstrates that the model effectively predicts
concentrations of various pollutants at multiple locations. The results show that IMDA-VAE
outperforms existing models, including LSTM, GRU, and their attention-based versions.

The authors of [49] developed a new air quality forecasting model based on the Bi-
LSTM convolutional autoencoder with attention. The study was conducted in Busan (South
Korea), using data on particulate matter concentration, meteorological conditions, and
road traffic volume obtained using the YOLO algorithm. The model effectively captured
spatial-temporal relationships and significantly outperformed previous approaches in both
short- and long-term forecasts. Furthermore, it was successfully deployed in the cloud,
enabling real-time air quality forecasting.

In [50], an advanced Seq2Seq model, called the attention-based air quality forecasting
model (ABAFM), which replaces the RNN encoder with a pure attention mechanism
with positional embedding is proposed. This modification reduces training time and
enhances the robustness of the model. Experiments conducted at Olympic Center and
Dongsi monitoring stations in Beijing show that ABAFM outperforms existing methods,
particularly in predicting sudden changes in PM, 5 levels.

In the study [51], an image-based deep learning model combining a 3D-CNN, GRU,
and attention mechanism to forecast air quality is proposed. The 3D-CNN extracts spatial
features from images, the GRU captures temporal dependencies, and the attention mech-
anism adjusts feature influence to reduce fluctuations. Tested on the Shanghai scenery
dataset with air quality data, the model outperformed other state-of-the-art methods. It
provides accurate multi-horizon predictions and reliable early warnings for air pollutants.

3.4. Multilayer Perceptron

The paper [52] examines the forecasting performance of multiple models for predicting
PM; concentrations on the East Coast of Peninsular Malaysia, where PM is a significant
air quality concern. The research compares a linear model (multiple linear regression) with
two non-linear models (multilayer perceptron and radial basis function) using meteorologi-
cal and pollutant historical data at urban, suburban, and rural sites. The non-linear radial
basis function model outperforms the linear model, reducing forecasting errors by 78.9%
in urban areas, 32.1% in suburban areas, and 39.8% in rural areas. The results highlight
the complexity of the relationship between PM;g and its contributing factors, with the
non-linear models, particularly artificial neural networks, offering more accurate forecasts.
This model provides reliable next-day PMjy concentration predictions, useful for early
warning purposes.

In the work [53], forecasting maximum O3 concentrations in urban microlocations
is addressed. It proposes an integrated modeling approach using multilayer perceptron
neural networks, which combine data from the QualeAria air quality model, WRF weather
prediction model, and local air pollution measurements. This integrated approach improves
1-day-ahead ozone forecasts, particularly in areas where local resolution is lacking. The
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results show that combining these models enhances forecast accuracy and provides better
alert systems for exceeding ozone thresholds in Slovenia.

In the study [54], a comparison of the performance of multiple linear regression and
multilayer perceptron in predicting the SO, concentration in Tehran’s air is conducted.
Different parameters, such as meteorological conditions, urban traffic data, green areas, and
time variables, were used for the analysis. The results show that the MLP model achieved
better performance in terms of R?> and RMSE measures than the MLR. Sensitivity analysis
showed that the most important factors affecting the SO, level are the one-day time lag,
park index, season, and total park area. The MLP model can support the analysis and air
quality management strategies, emphasizing the importance of artificial neural networks
in reducing urban pollution.

3.5. Other DL Approaches

In [55], recurrent artificial neural networks to estimate SO, and PMy air pollution
levels in Sakarya (Turkey) were proposed. The results showed strong correlations and low
RMSE values, demonstrating the efficacy of deep learning methods even under challenging
conditions. The study also highlighted that PM;g levels in Sakarya often exceeded legal
limits, particularly during peak industrial periods.

In [56], the authors proposed an aggregated long short-term memory model for
air pollution forecasting. Its performance was evaluated against three commonly used
machine learning approaches, using MAE, RMSE, and MAPE as assessment metrics. The
experiments were conducted with air quality data collected from multiple monitoring sites
across Taiwan.

In [57], a radial basis neural network was employed for air quality prediction in
Zhengzhou and Shanghai (China). The study explores the network’s ability to model and
forecast air quality based on the collected data from these cities.

The study [58] uses an artificial neural network and wavelet ANN to forecast the air
pollution index (API) by analyzing its linear and nonlinear relationships with meteoro-
logical variables in Xi’an and Lanzhou. The study identifies optimal input variables for
forecasting, which include APIs from the previous days and selected meteorological factors.
The WANN model, utilizing Bayesian regularization, outperformed the standard ANN
model in both cities, demonstrating its ability to accurately predict API values by capturing
nonlinear relationships. The findings suggest that WANNSs are effective for short-term API
forecasting, potentially aiding in environmental management policies.

The research presented in [59] introduces an artificial neural network-based approach
using a feed-forward neural network to predict NOx emissions from diesel-powered under-
ground LHD vehicles. The model achieves predictions with less than 15% error, making it
an efficient tool for estimating dynamic behavior in complex systems. The accuracy enables
its application in estimating environmental impact and planning ventilation systems in
mines. This approach offers insights into underground air quality and enhances safety for
mining crews.

The paper [60] considers a factor-augmented autoregressive neural network to forecast
NOx pollution levels in Madrid, using lagged NOy values, meteorological data, and latent
factors. The model outperforms competing methods, providing more accurate predictions
of air pollution, which could aid policymakers in improving air quality monitoring and
management.

The study [61] develops a combined weight forecasting model for predicting NO,
concentration in Beijing using wavelet-transformed data. Three models using the discrete
wavelet transform with long short-term memory, gated recurrent unit, and bi-directional
long short-term memory are constructed and compared. The proposed model integrates
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these models through weighted assignment, utilizing their strengths to enhance prediction
accuracy. Results indicate that it outperforms individual models, making it a more effective
tool for air quality forecasting and governance efforts.

In [62], a graph convolutional temporal sliding long short-term memory model to
predict air pollutant concentrations by capturing spatiotemporal correlations is proposed.
The model integrates graph convolutional networks for spatial dependency modeling
and long short-term memory networks with a temporal sliding strategy for temporal
dependency modeling. Applied to the Beijing—Tianjin-Hebei region, it predicts PM; 5,
PMjy, O3, CO, SO,, and NO; levels for 24 h, outperforming state-of-the-art models in
accuracy and stability. The approach supports improved air quality management and
decision-making.

The research [63] proposes a DL-Air model, which is a hierarchical deep learning
model for air quality forecasting. DL-Air consists of three components: an encoder that
captures spatial relationships in air quality data, a variant of LSTM that models tempo-
ral dependencies and spatiotemporal correlations, and a decoder that transforms latent
predictions into actual forecasts. Evaluated on real-world data from Delhi, DL-Air outper-
formed baseline models, significantly reducing RMSE and MAE and improving R?, while
maintaining consistent predictive performance across all seasons.

The study [64] implements a transformer-based model, the temporal fusion trans-
former, trained on observational data from three European countries, achieving high
accuracy in four-day forecasts of a daily maximum 8 h of ozone. The model outperforms
other machine learning approaches and generalizes well to data from 13 additional Euro-
pean countries not used in training. Analysis of the model’s attention mechanism shows it
focuses on key physical variables and the most relevant past ozone values, highlighting its
potential as an efficient tool for air quality forecasting across Europe.

In the work [65], a lightweight deep learning model based on sparse attention trans-
former networks (STN) with encoder-decoder layers, which reduces time complexity while
learning long-term dependencies from PMj, 5 data, is proposed. Experiments on the Beijing
and Taizhou datasets demonstrate that the STN model outperforms state-of-the-art meth-
ods in both short-term and long-term predictions, achieving high R? and low RMSE and
MAE values. The model remains effective for multi-step forecasts up to 48 h, highlighting
its robustness and efficiency for air quality prediction.

The paper [66] presents HighAir, a hierarchical graph network (HGN) for air quality
forecasting that utilizes an encoder—decoder architecture and considers factors such as
weather and land use. The model combines city- and station-level analysis, employing
message-passing mechanisms and specialized strategies for exchanging information be-
tween levels. Furthermore, edge weights are dynamically adjusted based on wind direction,
allowing for a more realistic representation of pollutant dispersion. Tests conducted on
data from the Yangtze River Delta (10 cities, 61,500 km?) show that HighAiir significantly
outperforms existing air quality forecasting methods.

The authors of paper [67], propose an air quality forecasting method based on an
attention temporal graph convolutional network (AT-GCN), which combines attention,
a recurrent GRU network, and graph convolutional mechanisms. The model was tested
on air quality, meteorological, and road traffic data from Madrid. Results compared with
other methods (LSTM, GRU) showed that the proposed approach better captures complex
dependencies and achieves lower prediction errors. Research indicates the significant
potential of AT-GCN for urban pollution prediction applications.

In [68], a spatiotemporal graph network model based on GraphSAGE for forecasting
ozone concentrations in urban areas is proposed. The model was trained and tested on
data from Houston, Texas, USA, considering different forecast horizons (1, 3, and 6 h), the



Sensors 2025, 25, 6044

14 of 49

number of time lags, and data from neighboring stations. The results showed significant
improvements over the persistence model—by 33.7%, 48.7%, and 57.1%, respectively—
and lower errors compared to the existing literature. SHAP analysis revealed that solar
radiation becomes more important at longer forecast horizons, and the model correctly
identified exceedances of EPA air quality standards.

The research [69] proposes a group-aware graph neural network (GAGNN), which is
a hierarchical model for national-scale air quality forecasting. The model constructs a city
graph and a city-group graph to capture both spatial dependencies and hidden connections
between distant but correlated locations. A differentiable clustering network is introduced
to discover inter-city dependencies and a module for encoding inter-group correlations,
and a message-passing mechanism is then applied to the graph. Experiments conducted on
large datasets from China and the United States show that GAGNN outperforms existing
air quality forecasting models.

In [70], a computational framework based on graph neural networks for air quality
prediction in complex urban environments is proposed. This model considers both the
spatial distance between stations but also contextual factors such as land use and dominant
pollutant sources. Additionally, an approach is developed to handle heterogeneous mea-
surement systems, where stations monitor different sets of pollutants. The effectiveness
of the solution was validated on a nationwide Spanish air quality dataset, achieving very
promising results.

The paper [71] presents a self-supervised hierarchical graph neural network (SSH-
GNN) method for air quality forecasting with high spatiotemporal resolution. The model
first approximates the air quality distribution across a city based on historical data and
contextual factors such as weather and traffic volume. It then uses a hierarchical recurrent
graph network to model long-range spatiotemporal correlations between urban regions.
Using spatio-temporal self-supervision strategies, SSH-GNN can effectively capture both
universal topological and contextual patterns, resulting in significant improvements in
forecast accuracy when tested on two real-world datasets.

The paper [72] presents a real-time air pollution forecasting system for five key loca-
tions in Delhi, using historical air quality and meteorological data. The authors propose an
end-to-end sequential modeling framework to predict concentrations of pollutants such as
NOy, PM; 5, and PMj, and to classify their threat levels for the next 24 h. The system effec-
tively handles missing or unreliable data and demonstrates higher performance compared
with baseline forecasting methods.

A comprehensive survey of different techniques using deep learning for air pollution
forecasting is presented in [16]. The paper reviews various approaches, including artificial
neural networks. The study emphasizes the effectiveness of deep learning in improving
the accuracy and reliability of air quality predictions, highlighting their ability to model
complex, non-linear relationships between meteorological factors, pollutant concentra-
tions, and other influencing variables. It also discusses the challenges of implementing
these techniques in real-world air quality forecasting systems, such as data quality and
computational cost.

The deep learning methods are summarized in Table 3.
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Table 3. Deep learning methods for air pollutants forecasting.

Reference Air Pollutants Methods

Ahmadi et al. [30] CO,

Cho et al. [31] CO,, PMyy, PM; 5

Sohn et al. [32] CHy, CO, NO, NO,, O3, SO,

Liang et al. [33] PM; 5

He et al. [34] PM; 5

Guo et al. [35] PMyy, PM; 5 ANN

Guo et al. [36] PM; 5

Gogikar et al. [37] PMiy, PM; 5

Gallo et al. [38] CO,

Ramentol et al. [39] NO, embeddings + ANN
Chae et al. [40] PM;y, PM; 5 CNN

Du et al. [41] PMy 5 CNN + Bi-LSTM
Bekkar et al. [42] PM

Gilik et al. [43] NO,, NOy, O3, PMyg, SO,

Pak et al. [44] PM, 5 CNN-LSTM
Sharma et al. [45] TSP

Li et al. [46] PM; 5

Liu et al. [47] PM; 5 attention + LSTM
Dairi et al. [48] n/a attention + VAE
Mengara et al. [49] PM;y, PM; 5 attention + Bi-LSTM
Liu et al. [50] PM, 5 attention + RNN
Elbaz et al. [51] PMy 5 attention + CNN/GRU
Abdullah et al. [52] PM;y MLP, RBF
Gradivsar et al. [53] O3 MLP

Shams et al. [54] SO, MLP

Kurnaz et al. [55] PMj, SO, RNN

Chang et al. [56] PM; 5 LSTM

Song et al. [57] AQI RBN

Guo et al. [58] API ANN, WANN
Banasiewicz et al. [59] NOy FFNN

Fernandez et al. [60] NOy FAA-NN

Liu et al. [61] NO, DWT + LSTM; GRU; Bi-LSTM
Mao et al. [62] CO, NO,, O3, PM1g, PM; 5, SO, GCN, LSTM
Abirami et al. [63] CO, NO,, NH3, O3, Pb, PM;g, PM, 5, SO, hierarchical DL
Hickman et al. [64] O3 transformer

Zhang & Zhang [65] PM; 5 sparse attention transformer network
Xu et al. [66] AQI HGN

Iskandaryan et al. [67] NO, AT-GCN

Santos et al. [68] O3 spatiotemporal graph network

Chen et al. [69] AQI GAGNN

Terroso-Saenz et al. [70] CgHg, CO, NO, NO,, NOy, O3, PM;p, PM5 5,50,  GNN

Han et al. [71] AQI, CO, NO,, O3, PM;g, PM; 5, SO, SSH-GNN

Dua et al. [72]

NO,, PMyq, PM3 5

sequential modeling
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Discussion

The presented studies confirm the increasing popularity and effectiveness of deep
learning methods in forecasting air pollutant concentrations. Artificial neural networks,
including multilayer perceptrons, remain a frequent choice due to their flexibility and
relatively low computational cost, as shown in [30,31,54]. Several works demonstrate
that the performance of such models, measured using statistical indicators such as R?,
RMSE, MAE, or MAPE, is often satisfactory and applicable in real-world environmental
monitoring scenarios. Advanced architectures such as CNN-LSTM [42—44] and Bi-LSTM
networks [41] are employed to capture both spatial and temporal dependencies in the
data, which is particularly important when modeling particulate matter dynamics. Studies
using LSTM-based approaches emphasize their strength in modeling long-term temporal
dependencies and addressing data sequences with irregular patterns [56]. Some works
introduce hybrid or optimized architectures, such as the use of genetic algorithms to
enhance ANN performance by selecting the most relevant input variables [31]. The use
of CNN s [40] and RNNSs [55] further diversifies the methodological landscape, indicating
that no single architecture dominates the field, but rather that the choice of method is often
tailored to the specific pollutants, data availability, and local conditions.

The most frequently predicted pollutants include PM; 5, PMj, and SO,, reflecting
their importance in urban air quality assessment. Several authors emphasize the impor-
tance of meteorological and temporal features, such as wind speed, humidity, season, and
day lag [54], indicating that the integration of environmental context is crucial for accurate
forecasting. The wide range of architectures and pollutants studied demonstrates the adapt-
ability of deep learning approaches, though it also highlights the need for standardized
evaluation protocols and benchmark datasets to ensure comparability. Despite the progress,
many models remain location-specific and dependent on the quality and resolution of
available data.

Importantly, the potential applications of these models extend beyond academic
research. High accuracy forecasts of pollutant concentrations can support the development
of early warning systems, inform public health advisories, and guide short-term regulatory
or traffic-control interventions in urban areas. In the longer term, insights derived from
deep learning models may assist policymakers in evaluating the impact of environmental
strategies and in optimizing resource allocation for air quality improvement.

A comparative analysis of deep learning methods for air quality forecasting reveals
that the suitability of each architecture depends strongly on the characteristics of the avail-
able data and the forecasting horizon. CNN-based models are computationally efficient
and particularly effective when high-resolution spatial features dominate, for example, in
urban-scale pollution mapping. LSTM and Bi-LSTM networks, by contrast, excel at mod-
eling sequential dependencies and capturing long-term temporal patterns, making them
useful for predicting daily or seasonal pollutant variations. Transformer-based approaches
are emerging as a promising alternative, especially for handling very long input sequences
and multimodal datasets, though their practical deployment is still limited by high com-
putational requirements and the need for large annotated datasets. Wavelet-enhanced
networks occupy a more specialized niche, but their ability to denoise input signals and
capture both time- and frequency-domain information makes them valuable when dealing
with irregular or noisy sensor data.

From a practical perspective, CNNs are often applied in short-term urban forecasting
tasks where spatial variability is crucial, while LSTMs and hybrid CNN-LSTM models are
preferred for continuous monitoring and early warning systems that rely on temporal dy-
namics. Transformers may find broader adoption in large-scale environmental monitoring
platforms that integrate ground sensors, satellite data, and meteorological inputs. Wavelet-
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based models, though less common, can support scenarios where the reliability of low-cost
sensors is limited, as they enhance signal robustness under adverse conditions. Overall, no
single architecture dominates; rather, their strengths and weaknesses are complementary.
This diversity suggests that future research should emphasize the design of hybrid and
ensemble frameworks that combine the efficiency of CNNs, the temporal learning capacity
of LSTMs, the scalability of transformers, and the denoising capabilities of wavelets to
achieve more accurate and generalizable forecasts across diverse environmental contexts.

Nevertheless, realizing the full potential of these approaches requires addressing
several unresolved challenges. One major limitation is the interpretability of deep learning
models, which often function as “black boxes”. This can hinder trust in the results, particu-
larly in policy making contexts where transparency is important. Recent work increasingly
emphasizes the need for explainable artificial intelligence (AI) methods to address this
issue. Additionally, access to high-quality, granular environmental data is not uniform
globally. In many regions, deep learning approaches may be hindered by limited data
availability or data privacy regulations, raising ethical concerns regarding equitable access
to the benefits of Al-driven air quality forecasting.

4. Machine Learning Models

In this section, we present methods for forecasting air pollution concentrations based
on machine learning. These techniques, including support vector machines (SVM), random
forests (RF), linear regression (LR), ensemble learning (EL), or XGBoost, allow for effective
modeling of the pollution levels. We will discuss the selected methods, their properties,
and workflow.

In the study [73], a system for forecasting NO, NO,, O3, PM;y and PMj, 5 concentra-
tions for 24 h ahead was developed. The methodology includes characterization, forecast-
ing, and evaluation of the system using meteorological data and information on emission
sources. A comparative analysis was conducted between artificial neural networks and the
support vector model improved by particle swarm optimization, where SVR-PSO showed
the highest forecasting performance. The system operates independently of the season,
which confirms its stability and usefulness in air quality management.

In [74], an advanced warning system consisting of two modules is proposed: air
quality forecasting and evaluation. The forecasting module uses a model combining data
preprocessing and numerical optimization methods, as well as interval forecasting to take
into account uncertainty. The evaluation module based on the cloud model enables the
transformation of qualitative data into quantitative air quality assessments. The simulations
conducted on data from the Chinese city of Dalian confirmed the high efficacy and wide
applicability of the proposed system.

Air quality forecasting using machine learning to predict pollutant concentrations
in hourly intervals is proposed in [75]. A multi-task learning approach is considered,
taking into account meteorological data from previous days. A regularization method is
introduced, enforcing similar forecast values in subsequent hours, which improves the
model accuracy. The experiments show that the proposed techniques outperform standard
regression models and existing regularization methods.

A study presented in [76] explored an ensemble learning method for predicting
PMj, 5 concentrations. This approach utilized climate data and air quality metrics from
adjacent cities. The predictive performance was evaluated using datasets containing PM; 5
measurements from Beijing, Wuhan, and Shenzhen.

In [77], a machine learning model based on gradient boosting to forecast PM; 5 con-
centrations in Taiwan is introduced. The study included a comparative analysis with data
from Taipei and London, revealing similar predictive outcomes for both cities, likely due to
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their comparable topography. The model’s performance was assessed using the coefficient
of determination (R?) and RMSE.

The research in [78] developed three machine learning models: multiple linear regres-
sion, random forest regression, and the general additive model for accurate forecasting
of particulate matter concentrations. The results demonstrated high accuracy across all
models, with the GAM model achieving the best predictive performance. Additionally, the
study outlines a detailed methodology for predicting PM; variability, offering a framework
that can be adapted for different regions.

The study [79] uses the Prophet forecasting model to predict short-term and long-
term air pollution in Seoul, including pollutants PM, 5, PMjj, O3, NO,, SO,, and CO. It
outperforms similar models with significantly lower prediction errors, especially for PM; 5
and PMjy. PFM’s ability to predict air quality for up to a year shows promise for regions
lacking advanced meteorological infrastructure. The study also emphasizes the potential
for PFM to guide air quality management in Seoul.

The study [80] addresses the challenge of monitoring benzene (C¢Hg) in urban areas,
where sensor deployment is expensive and limited. It proposes an ensemble machine
learning approach to estimate C4Hg levels by utilizing the relationships between gases.
Extensive experiments show that this technique significantly enhances the performance of
existing machine learning methods for air pollution monitoring. The approach offers an
efficient solution for benzene detection, potentially improving urban air quality monitoring
without relying on costly sensor deployments.

The work [81] focuses on improving air quality and reducing human exposure to
pollutants, particularly in developed cities in China, where ground-based measurement
networks are too dispersed to capture spatial variability in rural and mixed-use areas. The
authors utilize high-resolution satellite data, along with meteorological and chemical infor-
mation from the WRF and CMAQ models, to estimate the vertical columnar NO, density
and the distribution of near-surface NO; concentrations. They employ data assimilation
methods and probabilistic kernel function models, with Gaussian regression providing the
best results. They also analyze atmospheric CO, concentrations using data assimilation and
inverse modeling, identifying high-emission areas and interannual variability in fossil fuel
emissions in East Asia. The results allow for better monitoring and prediction of long-term
changes in NO, and CO; concentrations and provide a baseline for implementing local
pollution control measures and environmental policies.

In [82], a method for predicting the AQI is considered. The study includes data
from the city of Visakhapatnam (India), covering 12 pollutants and 10 meteorological
parameters. Several ML algorithms were tested, with CatBoost performing best, while
AdaBoost obtained a lower R? value. The results confirm that machine learning techniques,
especially CatBoost, enable highly accurate prediction of urban air quality and can be
successfully applied globally.

The study [83] introduces a hybrid PSO-SVM model for short-term air pollutant con-
centration forecasting. The approach combines influence factor analysis, clustering of input
data, and parameter optimisation to enhance predictive accuracy. A case study in Beijing
demonstrates that the proposed method outperforms baseline and alternative models, in-
cluding genetic algorithm-optimised SVM. The results highlight the potential of the hybrid
framework as an effective tool for air quality management and early warning systems.

In the paper [84], an air quality forecasting system for Macau using five machine
learning algorithms: ANN, RF, XGBoost, SVM, and MLR, to predict PM; 5, PM;g, and CO
concentrations over 24- and 48 h time horizons is developed. Measurement data were
collected from 2016 to 2021, with 2020 to 2021 used for testing and the previous four years
for model training. All models achieved good results for 24 h forecasts and acceptable
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accuracy for 48 h forecasts, although performance could be improved by feature selection
using the SHAP test. The RF and SVM models achieved the best results for both PM; 5,
PMj, and CO over 24- and 48 h forecasts.

The work [85] developed a machine learning model to forecast daily PM; 5 concentra-
tions in Shanghai by combining data from the operational numerical system WRF-Chem
with ground-level measurements and meteorological conditions. The ML model signif-
icantly improved forecast accuracy compared to WRF-Chem alone, achieving 50-100%
higher correlation coefficients and reducing the standard deviation. The results show that
the use of machine learning can effectively complement chemistry-transport numerical
models in air quality forecasting in China. This approach enables more precise pollutant
predictions and supports better public health decisions.

A comprehensive literature review describing machine learning methods for modeling
air quality may be found in [86]. The machine learning methods are summarized in Table 4.

Table 4. Machine learning methods for air pollutants forecasting.

Reference Air Pollutants Methods

Yu et al. [76] PM; 5 EL

Kaur et al. [80] CeHg EL

Murillo et al. [73] NO, NOz, 03, PM](), PM2.5 PSO, SVM
CO, NO,, O3, PM;yy,

Wang et al. [74] PMy s, SO, NOM

Zhu et al. [75] O3, PM> 5 MTL

Leeetal. [77] PMy 5 GB

Eddine et al. [78] PM GAM, LR, RFR
CO, NO,, O3, PMy,

Shen et al. [79] PM, 5, SO, Prophet

Hugo [81] CO,, NO, n/a

Ravindiran et al. [82] AQI AdaBoost, CatBoost
CO/ NOZ/ O3r PMlOr x

Chen et al. [83] PMy s, SO, PSO-SVM

. ANN, RF, XGBoost, SVM,
Lei et al. [84] PM; 5, PMyg, and CO and MLR
Ma et al. [85] PM; 5 XGBoost

Discussion

Machine learning methods have demonstrated considerable potential in the task of
air pollution forecasting, particularly due to their ability to model complex, nonlinear rela-
tionships between meteorological variables, emission data, and pollutant concentrations.
A variety of algorithms have been applied, including support vector machines (SVM),
random forests (RF), gradient boosting methods such as XGBoost, multi-task learning,
and time series approaches like Prophet. These methods are often combined with data
preprocessing and optimization techniques, such as particle swarm optimization or regular-
ization strategies, to improve forecasting accuracy. One of the notable strengths of machine
learning models is their adaptability to different input features, such as meteorological
data, historical pollutant levels, or even data from nearby regions, as seen in [76]. Moreover,
architectures combining prediction with evaluation modules [74] or integrating interval
forecasting [75] demonstrate that ML models can go beyond point estimation and support
more robust decision making.
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Each algorithm presents distinct advantages and limitations. SVM is valued for
its robust generalization and interpretability, but can be computationally intensive for
large datasets. RF provides high predictive accuracy and relatively fast training while
offering feature importance insights, making it easier to interpret. XGBoost delivers state-
of-the-art performance on structured data and handles complex nonlinear interactions
effectively, although its hyperparameter tuning is more involved. Prophet offers ease of
implementation and transparency in time series modeling, yet it may struggle with abrupt
changes in pollutant concentrations. These differences illustrate that no single algorithm
dominates the field, and the choice often depends on data availability, pollutant type,
spatial resolution, and computational resources. Combining multiple ML methods or using
ensemble strategies can further enhance forecast reliability and robustness.

The selection of specific machine learning models is often influenced by the character-
istics of the target pollutant and the operational context. Particulate matter (PM; 5, PMy),
which exhibits strong temporal and spatial correlations, benefits from models capable
of capturing both sequential patterns and feature interactions, such as LSTM-enhanced
or CNN-LSTM hybrid architectures. Gaseous pollutants like CO or NO,, which show
more localized and short-term variability driven by traffic or industrial emissions, are
well suited to ensemble methods such as random forest or gradient boosting approaches
like XGBoost, which effectively handle heterogeneous features and nonlinear dependen-
cies. Time series-oriented models, including Prophet, are preferred for capturing seasonal
patterns or when only coarse historical data is available. Moreover, hybrid or ensemble
strategies are commonly adopted in complex urban environments to utilize the comple-
mentary strengths of multiple models, enhancing robustness under varying meteorological
conditions, sensor coverage, or missing data. This context-specific selection underlines
the importance of aligning algorithm choice with pollutant type, data characteristics, and
operational requirements to achieve accurate and actionable air quality forecasts.

However, several challenges persist. First, model interpretability remains limited for
many complex ML approaches, especially ensemble and black box models, which can
hinder their acceptance by environmental agencies or policymakers. Second, generalization
across seasons, locations, or cities is often assumed rather than empirically validated.
Although [73] claims seasonal independence, such robustness is rarely tested across diverse
contexts. Furthermore, while some studies utilize uncertainty quantification or multi-
task settings, these techniques are not yet widespread. A significant gap also lies in the
comparability of results, as the influence of input feature selection, data quality, and spatial
resolution on model performance is often underexplored.

In summary, machine learning methods offer a powerful toolkit for forecasting air
pollutants, balancing predictive performance, interpretability, and computational efficiency.
Nevertheless, widespread deployment requires more rigorous validation, better explain-
ability, and standardized evaluation practices. Future research should focus on integrating
ML models with domain knowledge, heterogeneous sensor networks, and real-time data
streams to enhance generalization, resilience, and actionable utility in environmental
decision-making.

5. Statistical Models

In this section, we present statistical methods used to forecast air pollutant concentra-
tions. Classical approaches, such as regression analysis, autoregressive models (AR), autore-
gressive models with moving average (ARMA), and their extensions (ARIMA, SARIMA),
allow for the analysis and prediction of air quality changes based on historical data. These
methods are particularly useful in modeling long-term trends and seasonal patterns of
pollutant concentration changes. Although they are often characterized by lower accuracy
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than modern machine learning and deep learning models, their interpretability and lower
computational requirements mean that they are still widely used.

The study [87] focuses on the analysis of PM; 5 concentration in Fuzhou (China) using
the ARIMA model. The results show that PM, 5 shows seasonal fluctuations, with higher
values in winter and lower values in summer. Spearman correlation analysis shows that
PMj 5 is positively correlated with PM;j, SO,, and NO,, and is negatively correlated with
meteorological parameters. The forecasted values of PM; 5 based on historical data suggest
a decrease compared to previous years, which may be the result of policy actions taken by
Fuzhou authorities.

In [88], the PMjy concentrations in Taiyuan (China) were analyzed using a wavelet-
based ARMA /ARIMA model. The model’s performance was assessed using multiple error
measures. The results showed minimal values for the error metrics, indicating the model’s
high accuracy.

The work [89] examines the air quality in Lahore (Pakistan), focusing on the growing
pollution issues that conflict with the pursuit of a high quality of life. The study reveals
that PM, 5 and PM;( concentrations exceed the National Environmental Standards (NEQS).
Correlation analysis establishes the relationship between particulate matter and other
pollutants such as Oz, NO, and SO,, indicating that road traffic plays a significant role in
the increase in emissions. A projection of future PM; 5 concentrations using the SARIMA
model predicts a further rise in particulate matter levels next year. The paper also provides
a detailed analysis of air pollutants and their sources, stressing the need for actions to
improve air quality in the region.

The research [90] explores the forecasting of monthly PM;y concentrations in Erzurum
(Turkey) to take measures that minimize the risk of air pollution. The model was developed
using the historical data. The data were cleaned from seasonal trends and effects and
then decomposed into three levels. ARIMA models were applied to each subseries for
forecasting the approximation and detail series. The WT-ARIMA model outperformed
the traditional ARIMA in terms of RMSE, R?, MAE, and MAPE metrics. The results
demonstrate the high accuracy of the model, making it an effective tool for early warning
in areas with high air pollution levels.

In [91], a statistical model was developed to predict PM; 5 and PM;( concentrations,
capturing up to 57.0% of the variability in PM; 5 and 35.0% in PM;g. Temperature, wind
speed, and wind direction explain 94.0% of the variability in PM; 5, while relative humidity
is particularly significant for PMjy. The inclusion of lagged PM concentrations further
enhanced the prediction accuracy by 4.0-16.0%. When tested with historical data, the
model showed strong correlations with observed PM concentrations and was effective in
forecasting levels at additional monitoring sites.

In the work [92], the use of widely accessible LoRa devices and low-cost PM sensors
for monitoring PM concentrations is discussed. The study also proposes a short-term
forecasting method (up to 2 h) for PM concentrations using ARIMA and VARMA models.
Experimental results from data collected by 15 LoRa sensors show a 7.77% improvement in
forecast accuracy and a 3.7% increase in the correlation coefficient compared to forecasts
made using data from a single sensor.

The paper [93] investigates the application of quantile regression to forecast extreme
NO; concentrations in Madrid. Unlike point forecasts, this method allows for predicting
the full probability distribution, which allows for better modeling of extreme values. The
developed models, using meteorological data, outperform traditional point approaches
in terms of accuracy and reliability. The importance of input variables is also analyzed,
showing differences between the median and higher quantiles. Furthermore, a method for
calculating the probability of exceeding threshold NO; values is presented.



Sensors 2025, 25, 6044

22 of 49

In [94], ARMA and ARIMA models were used to predict daily mean concentrations
of O3, CO, NO, and NO; in Delhi. Data were subjected to a variance stabilizing transfor-
mation, and optimal model parameters were selected based on information criteria and
autocorrelation functions. Accuracy was assessed using MAPE, MAE, and RMSE. The
results indicate the effectiveness of this method in short-term air quality forecasting.

The study [95] proposes a stepwise multiple linear regression model to forecast PMyg
and NOy concentrations in Athens and Helsinki, using pollutants and meteorological
variables as predictors. Results showed that including Monin-Obukhov length and mixing
height improved forecast accuracy, especially for Helsinki. MLR outperformed artificial
neural networks in some cases, providing reliable predictions for daily averages and
maximum hourly concentrations. The study concluded that MLR models are a useful tool
for regulatory air quality forecasting despite limitations, such as the inability to capture
rapid meteorological changes.

In the work [96], the ARIMA model to predict atmospheric environmental quality in
Hunan Province (China) is proposed. The findings suggest a year-on-year improvement in
air quality, with forecasts indicating gradual enhancement. The model proves reliable for
predicting air pollutants (PMj 5, PM;g, SO,, CO), providing valuable insights for future air
quality management in the region.

The statistical methods for air pollutants forecasting are summarized in Table 5.

Table 5. Statistical methods for air pollutants forecasting.

Reference Air Pollutants Methods

Zhang et al. [87] PM; 5 ARIMA

Gao et al. [96] CO, PM;gy, PM; 5, SO, ARIMA

Zhang et al. [88] PMyg ARMA, ARIMA
Kumar et al. [94] CO, NO, NO,, O3 ARMA, ARIMA
Yun et al. [92] PM ARIMA, VARMA
Bhatti et al. [89] NO, O3, PMyg, PM; 5, SO, SARIMA
Aladaug et al. [90] PMig WT-ARIMA
Afrin et al. [91] PMyy, PM; 5 statistics
Aznarte et al. [93] NO, QR
Vlachogianni et al. [95] NOy, PMjg MLR

Statistical models each come with specific assumptions, typical applications, and
inherent limitations. ARIMA models assume stationary time series and linear relation-
ships, making them suitable for short-term pollutant forecasts in urban areas, but they
struggle with nonlinear interactions and multivariate data. SARIMA extends ARIMA by
modeling seasonal patterns, which is beneficial for regions with strong seasonal effects,
yet it requires careful parameter tuning and is less adaptable to high-dimensional datasets.
Multiple linear regression (MLR) assumes linearity and independence of predictors, pro-
viding rapid estimation across multiple features, though it is sensitive to multicollinearity
and less effective for capturing complex nonlinear dynamics. Considering these aspects
highlights why statistical models remain relevant and useful, especially in low-data or
high-interpretability scenarios, despite the increasing popularity of machine learning and
deep learning approaches.

Discussion

Statistical models, particularly those based on autoregressive techniques, have long
been applied in air quality forecasting due to their conceptual simplicity, transparency, and
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interpretability. Techniques such as ARIMA, SARIMA, and generalized additive models
(GAM) allow for straightforward modeling of temporal trends and seasonal patterns, as
demonstrated in studies like [87-89]. These models provide both accurate forecasts of
pollutant concentrations and valuable insights into interrelationships among pollutants
and environmental variables. Their interpretability is especially advantageous in policy-
making contexts, where understanding the influence of meteorological factors, emission
sources, and seasonal effects is crucial.

Despite the rise in machine learning and deep learning approaches, statistical models
remain relevant in several scenarios. They require relatively low amounts of data and
computational resources, making them suitable for regions with limited monitoring infras-
tructure, such as parts of Africa or Southeast Asia. In heavily polluted regions like China
or India, these models are often used to establish baselines and capture dominant seasonal
cycles (e.g., winter smog episodes), while in European or North American contexts, they
are valued for their transparency, supporting regulatory compliance and communication
with stakeholders. Moreover, they serve as robust benchmarks for evaluating more com-
plex models and can be integrated into hybrid frameworks that combine statistical rigor
with data-driven enhancements. Their main limitations include difficulties in capturing
nonlinear interactions, limited adaptability to high-dimensional or multivariate datasets,
and challenges in utilizing spatial information, which are the issues that are particularly
pronounced in regions with complex land use patterns (e.g., urban-industrial corridors or
coastal zones) where pollutant dispersion is highly variable.

In addition to the aforementioned considerations, statistical models play distinct roles
depending on the forecasting horizon and application. For nowcasting tasks, they are valu-
able for short-term air quality alerts and rapid identification of pollution peaks, especially
in urban areas with limited real-time monitoring. For forecasting and prediction, they help
capture seasonal cycles, trends, and long-term pollutant dynamics, providing essential
baselines against which machine learning or hybrid models can be benchmarked. In partic-
ular, their interpretability facilitates communication with policymakers and stakeholders
regarding the expected impact of emission control measures.

The choice of numerical schemes and model structures is also critical. For instance, AR,
ARMA, and ARIMA are effective for univariate time series with temporal autocorrelation,
while SARIMA utilizes seasonal components. GAMs allow flexible nonlinear relationships
between predictors and pollutants, and VARMA or wavelet-enhanced ARIMA address
multivariate dependencies and nonstationarity. Moreover, downscaling techniques can
enhance the spatial resolution of forecasts, allowing statistical models to use localized
meteorological or land-use information, which is especially important in regions with
complex terrain or heterogeneous emission sources. These methodological choices deter-
mine model performance, robustness, and applicability across different geographical and
environmental contexts.

Nevertheless, statistical models can be extended and improved in various ways. Ap-
proaches such as wavelet-enhanced ARIMA [90] or multivariate structures like VARMA [92]
have shown promise in addressing nonstationarity and multivariate dependencies, al-
though these methods are still underutilized compared with machine learning techniques.
Furthermore, their strong reliance on temporal autocorrelation means that careful pre-
processing is often necessary, especially in heterogeneous urban environments or ar-
eas with strong meteorological variability, such as mountainous regions. Despite these
challenges, the simplicity and transparency of statistical methods make them an indis-
pensable component of the air quality forecasting toolbox, particularly in low-data or
high-interpretability scenarios.
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To sum up, statistical methods remain a valuable benchmark for evaluating the perfor-
mance of more advanced models. They are especially appropriate in data-scarce environ-
ments or as part of hybrid systems combining statistical foundations with machine learning
enhancements. Future research may benefit from integrating statistical rigor with the flexi-
bility of modern data-driven approaches, thereby improving robustness and interpretability
in air quality forecasting across diverse geographical contexts and environmental settings.

6. Hybrid Models

In this section, we present hybrid methods that combine different approaches to
improve the performance of air pollutant concentration forecasting. A hybrid model in the
context of air quality forecasting can be defined as a framework that combines two or more
modeling paradigms (e.g., statistical, machine learning, physical, or optimization-based
approaches) in order to utilize their complementary strengths while compensating for
individual weaknesses [97]. For example, ARIMA models can be used to capture temporal
trends, while neural networks or XGBoost algorithms can better handle nonlinearities
in the data. Another popular approach is to combine classical regression methods with
deep learning models, which allows for a more precise representation of the relationships
between meteorological factors and air quality.

6.1. Deep Learning + Statistical Methods

The study [98] explores statistical regression and computational intelligence-based
models for forecasting hourly NO, concentrations at the Taj Mahal in Agra, with an
emphasis on public health-related air quality predictions. The research utilized historical air
pollution data, focusing on months when pollution levels peaked. The forecasting models
were developed using multiple linear regression and a principal component analysis
combined with an artificial neural network method. The proposed model outperformed
multiple linear regression, showing higher correlation coefficients and better statistical
alignment, and proving to be a reliable tool for predicting air pollution levels at the
Taj Mahal.

The paper [99] explores various machine learning techniques for predicting PMyg
concentrations in Lublin, Poland. The methods assessed include linear regression, k-nearest
neighbors regression, support vector machine, regression trees, Gaussian process regression,
artificial neural network, and long short-term memory networks. Based on the coefficient
of determination (R?), the experimental analysis found that the artificial neural network
provided the most accurate predictions among the methods tested. Further studies on air
quality analysis in Poland are available in [100,101].

In [102], a hybrid approach for forecasting PM; 5 concentrations is proposed. This
method combines a gradient-boosted regression tree with convolutional neural networks
and fuzzy k-nearest neighbor. The forecasting results were compared with several meth-
ods, including multiple linear regression, stacked long short-term memory, bi-directional
gated recurrent unit, and gradient-boosted regression tree. Evaluation based on metrics
such as root mean square error, mean absolute error, and mean absolute percentage error
demonstrated that the proposed method outperforms the others in prediction accuracy.

The work [103] addresses urban air quality forecasting, particularly focusing on the
complex temporal patterns that are challenging to predict, especially during extreme
events. The authors propose a hybrid model that combines autoregressive integrated
moving average (ARIMA) and artificial neural networks to enhance forecast accuracy. The
model is applied in Temuco (Chile), where firewood burning is the primary source of PMjq
pollution during the winter. Meteorological data and PMjy measurements are used in
the model. Experimental results indicate that the hybrid model outperforms individual
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models such as ARIMA, artificial neural network, and multilinear regression, successfully
forecasting 100.0% of alarm episodes and 80.0% of pre-alarm episodes. This approach
demonstrates its potential for application in air quality forecasting across various cities
and countries.

In [104], effective methods for forecasting PM;y and PMj; 5 are examined. The study
compares various forecasting models, including neural networks (multilayer perceptron,
radial basis function, and echo state networks), as well as statistical methods such as the
autoregressive model and autoregressive moving average model. The best forecasting
results were achieved by combining different types of neural networks.

In [105], NO, concentrations were predicted at 14 measuring stations in the UAE.
Statistical and machine learning models were used: ARIMA, SARIMA, LSTM, and NAR-
NN in open and closed-loop architectures. Accuracy was assessed using MAPE, and it
was found that MAPE strongly correlates with the relative standard deviation of NO,
concentrations.

The study [106] compares multilinear regression and multilayer perceptron in predict-
ing NO; concentration in Tehran’s air based on meteorological data, urban traffic, and green
areas. The results show that the multilayer perceptron obtains higher forecasting accuracy.
Sensitivity analysis indicates that green areas have a key impact on NO, reduction, even
surpassing traffic density. A multilayer perceptron is proving to be an effective tool for
modeling complex environmental interactions.

The paper [107] proposes a hybrid model combining an artificial neural network and a
support vector machine algorithm to improve air quality forecasting accuracy. The method
enhances traditional ANN and SVM predictions by using a Taylor expansion-based error
correction approach. The models utilize historical air pollution data and meteorological
variables to forecast PMjy and SO, concentrations in Taiyuan (China). Experimental
results using a two-year dataset demonstrate that the hybrid models effectively reduce
forecasting errors, offering a promising approach for improving air quality predictions in
urban environments.

In [108], an evaluation of three forecasting methods: Elman neural networks, ARIMA
models, and a hybrid approach combining both to predict SO, pollution episodes near
a coal-fired power station is provided. The hybrid model outperformed the individual
methods, achieving the best forecast accuracy. This predictive capability is crucial for
power plants, allowing them to take preventive measures to reduce emissions and decrease
environmental impact.

The research [109] discusses a long short-term memory network to predict NOy emis-
sions in Pohang (South Korea), using stochastic regression for missing data imputation.
The model’s performance is evaluated through the mean absolute scaled error, indicating
its ability to outperform a simple naive prediction. The study focuses on optimizing pa-
rameters like time windows and learning rates, making it a valuable tool for companies to
meet regulatory quotas and reduce costs.

In [110], an evaluation of machine learning models for air pollution forecasting, fo-
cusing on support vector regression, ARIMA, and long short-term memory, is considered.
Using time series data for PMjg and PM; 5, the models were tested for a predictive accuracy.
Results indicate that SVR and ARIMA are the most effective for forecasting air pollutant
concentrations.

In the work [111], an improved air quality index (AQI) prediction model utilizing
historical and current meteorological datasets is presented. It evaluates various classifiers
on India’s Air Pollution Geocodes Dataset. The decision tree classifier achieved 99.7%
accuracy, improving slightly with the random forest classifier. Forecasting was conducted
using ARIMA, providing AQI projections for the next 45 days and monthly forecasts for
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a year. The study highlights how integrating multiple models enhances accuracy, with
decision trees and ensemble methods yielding the best results.

6.2. Deep Learning + Optimization and Metaheuristics

The work [112] presents a multi-stage forecasting approach for PM, 5 concentrations
using a novel hybrid model that integrates various machine learning techniques. The
proposed method combines wavelet packet decomposition, particle swarm optimization,
back propagation neural network, and the AdaBoost algorithm. The results showed
that the usage of PSO and AdaBoost significantly improves forecasting accuracy over
other methods.

The study [113] explores the forecasting of air pollution, which can assist urban plan-
ning for maintaining a sustainable environment and reducing health risks. The study
focuses on predicting PM; 5 concentration at two air monitoring stations in Kuala Lumpur
(Malaysia), using hybrid deep learning models. These models, based on 4 h data, utilize
six types of pollutants, meteorological parameters, and data from nearby stations. Particle
swarm optimization (PSO)- and sparrow search algorithm (SSA)-optimized LSTM models
(PSO-LSTM, SSA-LSTM) were developed to identify the most significant combinations of
input data. The selected configurations were then applied to empirical mode decomposi-
tion (EEMD) to create models: EEMD-PSO-LSTM and EEMD-SSA-LSTM. These models
showed notable improvements in forecast accuracy. Among these, the EEMD-SSA-LSTM
model outperformed the others, yielding better RMSE and MAE results at the chosen air
monitoring stations. The analysis demonstrated that utilizing data from nearby PM; 5
stations significantly enhances prediction accuracy, and SSA was found to be more effective
than PSO in optimizing LSTM parameters.

In [114], an adaptive neuro-fuzzy inference system combined with a genetic algorithm
to model NOy emissions from a natural gas-fired combined cycle power plant is utilized.
The model was trained using emission data, showing high predictive accuracy. The re-
sults suggest that the genetic algorithm significantly improves the model’s performance,
reducing error and enhancing predictive accuracy. The model demonstrated potential for
accurate NOy emissions forecasting, with minimum error values across multiple criteria.

The work [115] introduces a hybrid intelligent model combining long short-term
memory and the multi-verse optimization algorithm (MVO) to predict NO; and SO, emis-
sions from a Combined Cycle Power Plant. The LSTM model acts as a forecasting engine,
while MVO optimizes its parameters to reduce prediction errors. Tested on real-world
data from a power plant in Kerman (Iran), the model outperformed existing benchmark
models, demonstrating higher accuracy under different input configurations, including
meteorological factors and lagged pollutant values.

In [116], hybrid models were proposed for forecasting daily concentrations of various
particulate matter fractions and the Air Quality Index (AQI) in Romania. The methods
employed included input variable selection, machine learning, and regression models.
Evaluation using measures such as R?> and RMSE demonstrated satisfactory results in
forecasting PM concentrations.

6.3. Ensemble Methods

The work [117] compares the performance of a multilayer perceptron and support vector
regression in forecasting NO and NO, concentrations based on meteorological data and
historical measurements in Szeged (Hungary). Principal component analysis was used to
reduce the dimensionality of the data, and the grid search method was used to optimize the
model parameters. The results indicate that nonlinear methods outperform linear methods,
especially in the case of NO. For NO,, the improvement is noticeable but less pronounced.
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In [118], a two-step methodology to forecast tropospheric ozone (O3) levels in the Sines
region of Portugal is developed. It combined meteorological, air quality, and industrial
emissions data to predict O3 concentrations up to 24 h in advance. The approach used
classification and regression trees to identify key predictors and multilayer perceptron
models for forecasting. The results showed high prediction accuracy, offering the potential
for real-time health and environmental advisories.

The study in [119] presents a hybrid forecasting model that integrates a neural network
with the NARX model and uses automatic feature selection. This approach enhances the
accuracy of PMj; 5 predictions, particularly for peak concentrations, and provides a clearer
understanding of the influence of weather and seasonal conditions. The experimental
results demonstrate strong model performance, with high values of correlation coefficients
for one-hour forecasts. The proposed method offers more reliable air quality forecasting
and improves the interpretation of factors contributing to pollution.

The paper [120] investigates hybrid approaches for short-term forecasting of PM; 5
and PM; concentrations in major Polish cities. The study utilizes stepwise regression, tree-
based algorithms (random forests and XGBoost), and neural networks. The experimental
results validate the high accuracy of these forecasting techniques.

In the study [121], a hybrid model combining neural networks is introduced for
predicting PM; 5 concentrations. The model integrates graph convolutional networks
with long short-term memory networks to forecast the spatiotemporal changes in PM; 5
concentrations. Compared with other leading methods, the discussed model demonstrated
higher forecasting accuracy in terms of various machine learning metrics, including the
correlation coefficient R?.

The work [122] introduces a two-step hybrid model for forecasting NO, and SO,
concentrations in four cities in Central China. The model decomposes pollutant data
using complete ensemble empirical mode decomposition (CEEMD), then applies support
vector regression (SVR) combined with Cuckoo Search (CS) and Grey Wolf Optimizer
(GWO) to predict high- and low-frequency components. The final forecast is obtained by
summing both predictions. Evaluation results using MAE, MAPE, and RMSE confirm that
the CEEMD-CS-GWO-5VR model outperforms other forecasting approaches in accuracy.

6.4. Boosting Models

In [123], the particle swarm optimization and artificial bee colony techniques to forecast
CO; emissions in Turkey, using socioeconomic indicators such as energy consumption,
population, and the number of vehicles, are described. Models are developed in linear,
exponential, and quadratic forms, utilizing CO, historical emissions data. The sum of
squared error is used as a fitness function. In [124], a sensor array combined with a
multilayer perceptron and long short-term memory model to enhance gas concentration
estimation in outdoor environments, addressing issues like temperature, humidity, and
cross-sensitivity interference, is used. The experimental results demonstrate improved
accuracy in predicting CO, NOy, NO,, and C4Hg concentrations, in terms of R? measure,
showcasing the efficacy of the MLP-LSTM model in gas sensing applications.

The study [125] proposes a hybrid air pollution forecasting model integrating stacking-
based ensemble learning and deep learning frameworks. The approach combines multi-
ple machine learning models, including gradient-boosted tree regression, support vector
machine-based regression, and long short-term memory to enhance predictive accuracy for
air quality. Experimental results demonstrate the hybrid model’s advantage over traditional
models, highlighting its efficacy in improving air pollution forecasting performance.



Sensors 2025, 25, 6044

28 of 49

6.5. Other Hybrid Methods

The research [126] discusses a new hybrid forecasting system for PM; 5 concentrations.
The system begins with an efficient data analysis method to extract the main features
from the PM; 5 dataset while minimizing noise influence. The Harris hawk optimization
algorithm is then used to tune the extreme learning machine model, which achieves high
prediction accuracy. The health impacts and economic costs of pollution are estimated based
on the predicted PM; 5 levels. Experiments conducted with real data from Beijing, Tianjin,
and Shijiazhuang show that the proposed system can support environmental management,
emission reduction efforts, and health prevention strategies. It is also applicable to various
fields, such as PM, 5 health research.

In the study [127], a support vector machine kernel designed for predicting the atmo-
spheric pollutant factor PM; in time series problems is presented. The proposed kernel
uses a transformed particle swarm-optimized artificial neural network weight vector within
a Bayesian-optimized SVM kernel. Experimental results demonstrate that such a new ker-
nel significantly improves forecasting accuracy compared to conventional ANN and SVM
models. The findings suggest that the proposed SVM kernel offers an enhanced forecasting
technique for air pollution prediction. The machine learning algorithms were also analyzed
in [128].

In [129], a time series modeling to predict the concentrations of major pollutants
using the adaptive neuro-fuzzy inference system, which better accounts for nonlinear
relationships than traditional models, is proposed. The concentrations of CO, SO;, O3, and
NO, data were used for evaluation. The results show that the coefficients of determination
for the proposed model are higher than those obtained for the semi-experimental model.
The improved forecasting accuracy can support the development of effective environmental
and public health policies, contributing to sustainable development.

The study [130] addresses NOy measurement delays in coal-fired power plants, which
lead to issues in ammonia injection and compliance with environmental standards. A
hybrid boosting model is proposed to predict NOy levels accurately and compensate for
measurement delays, improving ammonia injection for denitrification. The model, tested
on actual plant data, outperforms ARIMA in short-term forecasts, with reduced errors. This
model is suitable for real-time on-site implementation as a soft sensor for power plants.

In [131], a combination of the random forest algorithm with NASA’s GEOS-CF prod-
uct to forecast O3 and NO, concentrations in southeastern China is discussed. The model
provides continuous, spatiotemporal forecasts for up to five days, significantly improving
upon the initial GEOS-CF model by reducing errors. It offers a more accurate and compre-
hensive approach to monitoring air quality, which is crucial for decreasing the harmful
effects of these pollutants.

The research [132] proposes a hybrid prediction method combining empirical mode de-
composition (EMD), a transformer, and a bidirectional LSTM (Bi-LSTM) network, designed
for ultrashort-term forecasts of nonlinear time series. The AQI data is first decomposed into
intrinsic mode functions (IMFs), then each IMF is predicted separately using the improved
transformer-Bi-LSTM approach, with linear prediction applied to simpler trends. Finally,
the predicted IMFs are integrated using Bi-LSTM to produce AQI forecasts, achieving low
RMSE, MAE, and MAPE values over a 5 h window. Validation on datasets from multiple
other cities demonstrates that the model is both highly accurate and broadly applicable for
real-time air quality prediction.

A review of hybrid methods for air quality forecasting is also provided in [133-138].
The hybrid methods for air pollutants forecasting are summarized in Table 6.
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Table 6. Hybrid methods for air pollutants forecasting.

Reference Air Pollutants Methods
Mishra et al. [98] NO, MLR, PCA, PCA + ANN
Kujawska et al. [99] PMi k-NNR, ANN, GPR, LR, LSTM, RT, SVM
Usha et al. [102] PM, 5 GBTR + CNN + fuzzy k-NN
Diaz et al. [103] PMyg ARIMA + ANN
Neto et al. [104] PM;jy, PM; 5 ESN + AR, ARMA; MLP, RBF
Al et al. [105] NO, ARIMA, LSTM, NAR-NN, SARIMA
Shams et al. [106] NO, MLP, MLR
Wang et al. [107] PM;g, SO, ANN + SVM
Sanchez et al. [108] SO, ARIMA, ENN
Lee et al. [109] NOy LSTM + SR
Dobrea et al. [110] PM;o, PM; 5 ARIMA, LSTM, SVR
Sharma et al. [111] AQI ARIMA, DT, RF
Liuetal. [112] PM, 5 AdaBoost, ANN, PSO, WPD
Ahmed et al. [113] PMy 5 PSO- and SSA-optimized LSTM
Dirik et al. [114] NOy ANFIS + GA
Heydari et al. [115] NO,, SO, LSTM + MVO
Udristioiu et al. [116] PM input variable selection, RM
Juhos et al. [117] NO, NO, MLP, SVR
Durao et al. [118] O3 MLP, RT
Guetal. [119] PM; 5 ANN + NARX
Czernecki et al. [120] PMyy, PM; 5 ANN, RM, RF, XGBoost
Qietal. [121] PM; 5 GCN + LSTM
sl Nouso, Somple sl enpiial mde dompesiion
Ozceylan et al. [123] CO, ABC, PSO
Chang et al. [125] PM;o, PM; 5 GBTR, LSTM, SVM
Du et al. [126] PM, 5 extreme learning machine model
Kouziokas et al. [127] PMio new kernel for SVM
Zeinalnezhad et al. [129] CO, NO,, O3, SO, ANFIS
Lyu et al. [130] NOy boosting model
Lietal. [131] NO;,, O3 RF + GEOS-CF
Dong et al. [132] AQI EMD + transformer-Bi-LSTM
Ngetal. [124] CgHg, CO, NOy, NO,  sensor array + MLP, LSTM
Harishkumar et al. [128] PM DT, GBR, MLP, RF

Discussion

Hybrid methods used to forecast air pollutant concentrations offer significant ad-
vantages over traditional forecasting techniques. They combine the power of different
algorithms, such as neural networks, regression, principal component analysis, and opti-
mization techniques, to improve the accuracy and interpretability of the results. Hybrid
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models, such as ANN with NARX in [119] or PCA with ANN in [98], show higher correla-
tion coefficients and better forecast accuracy compared to single methods. These models
are particularly effective in predicting pollution during peak periods, where the quality of
forecasts is crucial for protecting public health.

The diversity of hybrid approaches in air pollution forecasting can be organized into
four main categories. Deep learning + statistical hybrids (e.g., ARIMA + LSTM) utilize the
interpretability of classical models while benefiting from the nonlinear learning capacity of
DL architectures. Deep learning + optimization and metaheuristics approaches (e.g., PSO-
or MVO-optimized LSTM) focus on parameter tuning and convergence, typically yielding
performance gains in predictive accuracy and training efficiency. Ensemble methods
combine multiple learners, such as RF, SVM, or ANN, to improve robustness and reduce
variance, making them suitable for heterogeneous or noisy datasets. Finally, boosting
models like XGBoost or gradient boosting trees have gained popularity due to their strong
accuracy in capturing complex nonlinearities, albeit with higher training costs and reduced
interpretability. This categorization both clarifies the methodological landscape and also
emphasizes the trade-offs researchers face when selecting hybrid approaches.

Hybridization improves forecasting performance primarily because it allows different
methods to compensate for each other’s weaknesses. Statistical models provide inter-
pretability and capture seasonality or long-term trends, while machine and deep learning
models excel at modeling nonlinearities and high-dimensional feature interactions. Opti-
mization and metaheuristic techniques further refine model parameters, leading to faster
convergence and reduced risk of local minima. Ensemble and boosting strategies increase
robustness by combining diverse learners, which helps to prevent overfitting and enhances
generalization. Such synergies are particularly valuable in scenarios where pollutant
dynamics are influenced by multiple interacting factors, such as rapidly changing meteo-
rological conditions, mixed emission sources, or heterogeneous spatial settings. In these
contexts, hybrid approaches often outperform single models by delivering more accurate,
resilient, and context-sensitive forecasts.

Despite these advantages, there are several challenges associated with the implemen-
tation of hybrid methods. First of all, the development of such models requires access
to large, high-quality data sets, which can be problematic, especially in countries with
limited access to pollution data. In addition, the selection of appropriate algorithms and
optimization methods requires a thorough analysis of the specifics of a given region and
the type of pollutants. It should be noted that each component of the hybrid model may
introduce additional complexities and risks of overfitting, especially when data are limited.
Another challenge is the interpretation of results, especially in the context of complex,
nonlinear relationships between meteorological variables and pollution levels. Although
methods such as ANFIS [129] allow for better capturing of these relationships, there is
still a need for further development of tools for visualization and explanation of forecasts
that will allow their practical application in air quality management. Additionally, many
of the presented models rely on advanced computational techniques that require large
computational resources, which may be a barrier to their wider implementation in real-time
operational systems. This requires the use of computational technologies that can meet the
requirements for both speed and accuracy of forecasts.

Moreover, in the context of air pollution modeling, it is necessary to take into account
local and seasonal variability, which is a significant challenge, especially in cities with
dynamic atmospheric conditions. Although hybrid models offer advanced approaches,
much remains to be done to develop forecasting systems that can take into account local
conditions in a scalable manner and are robust to changes in input data.
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In general, hybrid models that integrate statistical approaches with machine learning
tend to perform better than either approach alone, as they can capture both linear dependen-
cies and complex non-linear patterns. For regions with highly dynamic or heterogeneous
environments (e.g., mixed urban-industrial areas or complex topographies), hybrid meth-
ods that combine physical or chemical transport models with data-driven learning are often
more robust. However, the relative advantage of each type of hybrid depends strongly
on data availability and the specific environmental context, which suggests that no single
hybrid architecture can be universally recommended.

In summary, hybrid methods are a promising alternative to traditional air quality
forecasting models, but their effectiveness largely depends on the quality of data, the
appropriate selection of methods and algorithms, and the ability to interpret results in the
context of changing atmospheric conditions.

7. Other Methods

The study in [139] examines hourly PM; 5 concentration forecasting in southwestern
Poland using the uEMEP and EMEP4PL models. Forecast accuracy is assessed by com-
paring the results with data from measurement networks. EMEP4PL, an adaptation of the
EMEP MSC-W chemistry transport model for Poland, operates with two nested domains: a
European grid (12 km x 12 km) and a more refined Polish grid (4 km x 4 km). The uEMEP
model, employing Gaussian modeling principles, further downscales EMEP4PL results
using the local fraction approach. Findings reveal that uEMEP forecasts exhibit lower bias
and a higher index of agreement than EMEP. Additionally, [140] discusses the use of a
random forest algorithm to enhance daily PM; 5 concentration estimates produced by the
EMEP4PL model in Poland.

The work [141] explores short-term forecasting of PMjy concentrations in Krakow
using sodar Doppler technology, with a focus on the influence of meteorological conditions
on air pollution levels. The proposed approach utilizes the spectrum representing the
amplitudes of signals reflected back to the sodar receiver from a single-frequency sound
transmission, whose properties vary based on atmospheric conditions. Data mining tech-
niques were applied to predict episodes of high PM;( concentrations. In [142], particulate
matter concentrations in selected Polish cities, including Wroclaw and Poznar, from 2014 to
2016 were analyzed. The analysis revealed that the highest concentrations of PM; g, PM; 5,
and PM;g occurred in 2016 in both cities. The study [143] proposes a method for predicting
the number of days with atmospheric visibility in Warsaw, Poland, using meteorological
and air quality data. The approach employs the Iman—Conover method to simulate a time
series of meteorological and air quality parameters. Statistical validation confirmed that the
model accurately predicts the number of days within a month when visibility falls within
specific ranges.

In [144], a method for predicting a comprehensive air quality index in Xingtai (China),
utilizing the speed of socio-economic development in the forecasting model, is presented.
The findings demonstrate that the grey multivariable model employed in the study achieves
high predictive accuracy.

The study [145] presents an adaptive model that combines artificial neural networks
with wavelet analysis for forecasting daily PM; 5 concentrations using remote sensing data
and ground observations. The model’s performance was evaluated using the Pearson
correlation coefficient, mean absolute percentage error, root mean square error, and mean
absolute error. The results demonstrate that the wavelet model outperforms the ANN,
showing higher forecast accuracy, better stability, and smaller errors during both the
training and validation periods. These findings confirm the efficacy of the WANN model



Sensors 2025, 25, 6044

32 of 49

for predicting PM; 5 concentrations one day in advance. The daily forecasting is also
discussed in [146].

In [147], the PMjy concentrations during the winter months (December—January)
from 2009 to 2015 in Poland were analyzed. The findings indicate that low wind speeds
contribute to higher levels of air pollution. The study used data from three monitoring
stations in the region, allowing for the identification of smog episodes (referred to as black
smog) and the verification of measurements at a station located near a large incineration
plant. The results confirm that wind direction plays a significant role in the movement of
pollutants and their local deposition.

The paper [148] focuses on forecasting particulate matter concentrations to aid regula-
tory planning, emission reduction, and the implementation of early warning systems. The
authors introduce the CS-EEMD-BPANN model, which integrates gray correlation analysis
(GCA), ensemble empirical mode decomposition (EEMD), cuckoo search algorithm (CS),
and backpropagation neural networks (BPANN). A key innovation is the use of GCA to
identify potential predictors of particulate matter from other air pollutants (such as CO,
NO;, O3, SO,) and meteorological variables (including wind speed and direction, tempera-
ture, humidity, and pressure). The model was tested in four Chinese cities with diverse
climatic conditions, terrain, and emission sources—Beijing, Shanghai, Guangzhou, and
Lanzhou. The analysis found that CO, NO,, and SO, are strongly correlated with PM, and
their inclusion significantly enhances the model’s performance, confirming the effectiveness
of the proposed approach. The analysis of CO, emissions is considered in [149].

The paper [150] describes an upgrade to the NAQFC system aimed at improving PM; 5
forecasts. The system now includes real-time emissions from wildfires and windblown
dust, reductions in dust emissions from snow- or ice-covered areas, and a shortened
life cycle of organic nitrates in the gas chemistry. Testing and evaluations conducted
over multiple seasons, compared with the EPA AIRNow monitoring network, showed
significant improvements in regional forecasts. For instance, including windblown dust
improved forecasts in the Western States, and reducing winter dust emissions resulted in a
52 percent reduction in forecast bias in the north-central United States.

In the study [151], a synoptic meteorological classification was performed to analyze
its correlation with particulate matter concentrations at five sampling points in Valladolid
(Spain), using a Q-mode clustering technique. The analysis considered 11 meteorolog-
ical variables and the 500-hPa contour, identifying five synoptic meteorological types,
which were further divided into nine synoptic classes. The algorithm was also applied
to particulate matter concentrations, resulting in seven pollution levels for each sampling
point. The comparison between synoptic types and pollution levels revealed a strong
correlation between meteorological conditions and particulate matter concentrations at the
500-hPa contour.

In [152], a dynamic data-driven model for estimating NOy and CO emissions from
coal-fired utility boilers, focusing on forecasting emissions, is presented. The model demon-
strates higher accuracy compared to static models and can be used in dynamic optimization
algorithms to minimize emissions. The results indicate that applying both dynamic and
steady-state optimization leads to lower emissions compared to historical plant data.

The study [153] evaluates the impact of assimilating surface ozone and fine aerosol
measurements on forecast accuracy. Using the Weather Research and Forecasting—
Chemistry model along with the Grid-point Statistical Interpolation tool, an assimilation
experiment was conducted over northeastern North America, utilizing hourly data from
the AIRNow network. Background error covariance was derived from July 2004 forecasts,
and model performance was assessed using forecasts from August and September 2006,
both with and without assimilation. The results show that assimilation improves ozone
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and fine aerosol forecasts, leading to enhanced verification scores for at least 24 h. However,
this improvement is partially counterbalanced by rapid model error growth during the
initial hours of forecasting.

In [154], forecasting CO, emissions in China’s cement industry using a novel grey
prediction model, accounting for uncertainty, is considered. The proposed model, V-GM,
demonstrated 97.29% accuracy in simulating historical emissions data. It offers a more flexi-
ble approach compared to traditional methods, with improved forecasting capabilities. The
model also includes an uncertainty analysis, making it useful for decision makers in achiev-
ing reliable, cost-effective predictions for emission decrease and sustainable development.

The work [155] examines the hygroscopic properties of particulate matter (PM), which
influence light scattering and absorption. The study investigates the behavior of coarse PM
(CPM) and fine PM (PM, 5) under varying weather conditions and their effect on visibility.
A censored regression model was developed to analyze the relationship between PM
concentrations and meteorological factors, which facilitated the calculation of the optical
hygroscopic growth factor and hygroscopic mass growth. These metrics were applied to
PMj; 5 field measurements using low-cost sensors in two distinct regions. The findings
show that CPM and PM, 5 concentrations negatively affect visibility, with relative humidity
(RH) significantly modulating these impacts. The modeled hygroscopic growth factors
closely matched observed values, especially under haze and mist conditions. By adjusting
PM; 5 concentrations for RH based on visibility-derived growth factors, the accuracy of
low-cost PM sensors was notably improved. This research highlights the importance of
considering PM-meteorology interactions in visibility forecasting and sensor calibration.

In [156], a fuzzy combination forecasting system to enhance the accuracy and stability
of air pollutant predictions is proposed. The system integrates data preprocessing, fuzzy
theory, and a Cuckoo Search optimization algorithm to determine optimal model weights.
Maximizing decorrelation and maintaining model diversity improves prediction reliability.
Experiments using PM;y and PM; 5 datasets from three cities demonstrate higher perfor-
mance in accuracy, stability, and generalization, making the system highly effective for air
quality early-warning applications, compared to state-of-the-art methods.

The paper [157] discusses the interpretability of a machine learning model predicting
NO; concentration in Madrid. The Shapley Additive Explanations method is used to
analyze the impact of individual features on the neural network predictions. Three different
interpretation methods are also compared to determine their suitability for air quality data
analysis. The results provide deeper insight into the model’s performance and allow for a
better understanding of its decisions.

In [158], an extended attention model for sequence-to-sequence recurrent neural net-
works designed to capture periodic patterns in time series is introduced. When applied to
univariate and multivariate time series forecasting, the model demonstrates state-of-the-art
performance. The model can be integrated with any RNN architecture, enhancing its ability
to handle time series with underlying periodicity, thus improving forecasting accuracy.

The work [159] compares 10 state-of-the-art quantile regression models, focusing on
forecasting up to 60 h ahead for forecasting NO, concentration. Instead of using raw
quantiles, the study derives distribution parameters, making the approach semi-parametric.
Quantile gradient-boosted trees perform best for both expected values and full distributions.
However, a simpler quantile k-nearest neighbors model combined with linear regression
achieves comparable results with lower computational costs. The findings highlight the
advantages of probabilistic forecasting in air quality management, aiding authorities in
activating traffic restrictions proactively.

The study [160] proposes a predictive model for SO, emissions, aiming to estimate
high-emission episodes in advance. Unlike previous studies focusing on mean values,



Sensors 2025, 25, 6044

34 of 49

this approach uses quantile curves from additive models to capture the full distribution
of pollution levels. A back-fitting algorithm with local polynomial kernel smoothers
was applied, with bootstrapping used for hypothesis testing. The model was validated
using simulated and real SO, data from a coal-fired power station in northern Spain,
demonstrating its efficacy in forecasting pollution incidents.

The study [161] analyzes SO, air concentrations in Krakow (Poland) using data from
two monitoring stations. The research identifies trends, seasonal variations, and cyclic
patterns, applying a multiplicative time series model. Despite a slight long-term decline,
an initial upward trend was observed. The study also examines wind direction effects,
finding no significant impact, suggesting local emissions as the dominant pollution source.
The methodology, validated through monthly and quarterly forecasts, is adaptable for
analyzing other air pollutants in different cities.

Numerical chemical transport models, such as WRF-CHEM [162] and WRF-CMAQ [163],
are widely used for simulating atmospheric pollutant dispersion and chemical transfor-
mations. These models provide high-resolution spatiotemporal forecasts, supporting both
short-term nowcasting of pollution peaks and longer-term scenario analyses. They can be
coupled with ground-based, satellite, or UAV measurements to improve forecast accuracy
and enable comprehensive environmental assessments.

Discussion

The methods presented in this section illustrate the diversity of approaches applied
to air pollution forecasting beyond conventional statistical, machine learning, or hybrid
models. Deterministic chemical transport models, statistical time series methods, and novel
machine learning or metaheuristic techniques each offer unique strengths, such as physical
interpretability, data efficiency, or the ability to capture complex nonlinear relationships.
Their application highlights the importance of tailoring the forecasting approach to the
pollutant type, data availability, and spatial-temporal context.

Despite their potential, these approaches also have limitations. Deterministic models
require extensive computational resources and high-quality input data, while statistical
models may struggle with nonlinearities and transferability to new regions. Advanced
ML and hybrid methods often improve predictive performance but can be complex to
implement, computationally demanding, and difficult to interpret for policymakers.

Future research should focus on combining the strengths of different approaches,
for example, by integrating physical models with adaptive machine learning or by using
probabilistic and interpretability-focused techniques. Such integration could enhance
forecast robustness, account for uncertainty, and provide actionable insights for regulatory
planning, early warning systems, and public health interventions.

Opverall, these methods complement mainstream forecasting approaches, demonstrat-
ing that diverse, context-sensitive strategies are essential for accurately predicting air
pollutant concentrations and supporting effective environmental decision-making.

8. Summary, Open Directions, and Future Work

This article presents a comprehensive narrative review of air pollution forecasting
methods, including traditional statistical approaches, modern techniques based on machine
learning and deep learning, and hybrid models that combine different paradigms to
improve prediction accuracy.

Despite significant technological progress, current forecasting methods still face limi-
tations that affect their effectiveness and practical applicability. Many models insufficiently
consider dynamic changes in emission sources, such as industrial accidents, wildfires, or
traffic surges, and they often rely solely on historical data, limiting adaptability to new
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environmental conditions. In addition, forecasts frequently lack fine spatial resolution and
do not use micro-scale meteorological phenomena. Moreover, few approaches explicitly
account for the long-term impacts of climate change on pollutant dispersion and accu-
mulation. Another important challenge remains the limited interpretability of advanced
machine learning models, particularly deep neural networks.

Table 7 summarizes the main categories of data-driven forecasting methods reviewed
in this paper, highlighting their typical techniques, strengths, and limitations. This synthesis
supports the critical comparison of approaches and provides context for the discussion of

future research directions.

Table 7. Comparison of forecasting method categories with selected algorithms/methods.

Category Typical Methods Strengths Limitations
Captures complex non-linear “Black box” nature; requires large
Autoencoders, ANN, MLP, CNN, spatiotemporal patterns; high datasets and com ;ta‘gonal &
. LSTM, Bi-LSTM, GRU, RNN, predictive accuracy; adaptable to P "
Deep Learning resources; prone to overflttmg;

GCN, RBF, Transformer-based
models

multi-modal data; automated
feature extraction; supports
transfer learning

location-specific tuning
often needed

Machine Learning

SVM, RF, XGBoost, GAM,
Prophet, k-NN, DT, GB

Handles nonlinearities; moderate
interpretability; works with
smaller datasets than DL; flexible
for various features

Requires manual feature
engineering; performance
depends on data quality; may
struggle with dynamic
spatiotemporal patterns; limited

generalization across regions

Simple and interpretable; low Limited to linear relationships;

Statistical AR, ARMA, ARIMA, MLR, computational cost; well-suited oor spatial modeling: assumes
SARIMA, QR, VARMA for stationary or seasonal patterns; poor spatial &
. . . stationarity in many cases
provides uncertainty estimates
Combines strengths of multiple High complexity; requires
ARIMA+ANN, CNN+LSTM, paradigms; models physical expertise in multiple paradigms;
Hybrid GCN+LSTM, PSO+LSTM, ANFIS, processes and nonlinear dynamics; may inherit limitations of
SSA+LSTM integrates heterogeneous components; higher risk

data sources of overfitting

Open directions and future work

The field of air pollution forecasting is undergoing a rapid transformation due to
advances in artificial intelligence, sensing technologies, and computational infrastructure.
Among the most promising developments are novel Al architectures. Transformer-based
models and attention mechanisms are emerging as powerful tools for capturing long-range
temporal dependencies and multi-scale patterns in air quality data. Similarly, graph-
based neural architectures allow for explicit representation of spatial relationships between
monitoring stations, enabling improved predictions in geographically diverse regions.

Aircraft-based platforms, including drones, are increasingly employed to enhance air
quality monitoring. These systems allow for high-resolution measurements in regions with
complex terrain, industrial areas, or urban hotspots, providing complementary data that
can be integrated with ground-based measurements and numerical models. Utilizing these
synergistic approaches can improve the temporal and spatial resolution of pollutant re-
trieval and enhance forecasting accuracy, particularly in areas where traditional monitoring
networks are sparse. Such integration supports more robust and actionable predictions
for environmental management and policy decisions [164,165]. Despite these advantages,
several open issues remain. Operational costs, regulatory restrictions, and the need for
specialized personnel can limit widespread adoption. Additionally, data integration from
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heterogeneous sources, calibration of sensors, and handling large datasets in real time are
ongoing challenges that require further research and development.

Recent large-scale satellite missions have demonstrated the practical integration of
remote sensing, numerical modeling, and in situ measurements for comprehensive air
quality retrieval and forecasting. For instance, the GEMS mission in Korea [166] and
TEMPO in the United States [167] provide hourly observations of key pollutants across
wide geographic regions, enabling near-real-time monitoring and policy support. Similarly,
NASA missions such as Aura [168] and Sentinel-5P [169] have been extensively used
to synergize satellite data with ground-based networks and chemical transport models,
improving the spatial and temporal resolution of pollutant estimates. The Suomi National
Polar-orbiting Partnership (Suomi NPP) mission, carrying instruments such as VIIRS and
CrIS, provides critical observations of aerosols, clouds, and meteorological parameters that
support both air quality forecasting and climate research [170]. NISAR, a joint NASA and
ISRO mission, is designed to monitor changes in Earth’s surface, including glacial melting,
ground movements, and seismic activity [171]; data from this mission can also inform
assessments of how environmental dynamics affect air quality. These initiatives exemplify
how multi-source data fusion can enhance large-scale environmental assessments, offering
valuable insights for air quality management. Future work may utilize these datasets in
combination with local low-cost sensors and machine learning algorithms to develop more
accurate, scalable, and robust forecasting frameworks.

Numerical chemical transport models, such as WRF-CHEM [162] and WRF-CMAQ [163],
are widely used for simulating atmospheric pollutant dispersion and chemical transfor-
mations. These models provide high-resolution spatiotemporal forecasts, supporting both
short-term nowcasting of pollution peaks and longer-term scenario analyses. They can be
coupled with ground-based, satellite, or UAV measurements to improve forecast accuracy
and enable comprehensive environmental assessments. For example, in [172], satellite-
derived NO; columns over southern China were combined with meteorological outputs
from the WRF model to produce high-resolution retrievals. The study demonstrated that
integrating WRF data improves spatial accuracy, particularly in regions with complex ter-
rain and large variability, and enables effective validation with ground-based MAX-DOAS
measurements. Similarly, in [173], WRF-Chem simulations over southeastern Brazil were
evaluated against satellite and ground-based observations for PM; 5, NOx, CO, O3, and
aerosol optical depth (AOD). The work highlighted that combining numerical modeling,
remote sensing, and ground measurements allows accurate reproduction of pollutant
patterns, captures the transport of urban emissions to inland areas, and underscores the
value of integrated approaches for regional air quality assessment. Moreover, in a real-time
forecasting context, WRF-Chem was used to support flight planning during the NOAA
AEROMMA and NASA STAQS 2023 field campaigns [174]. The forecasting system pro-
vided 72 h predictions of atmospheric composition, aerosols, and clouds over domains
centered on Chicago and New York City. Evaluation against lidar and surface observa-
tions showed that while forecast skill decreased with lead time, the system successfully
captured the influence of transported pollution, including wildfire smoke from Canada,
and identified limitations related to local meteorological simulations. This demonstrates
the practical utility of WRF-Chem for operational forecasting and campaign planning,
complementing the long-term modeling and retrieval studies discussed above. Recent
studies in Southeast Asia have further illustrated the power of combining WRF-Chem
with advanced satellite observations. For instance, the launch of the geostationary UV-VIS
spectrometer GEMS in 2020 and NASA’s ASIA-AQ mission in early 2024 enabled detailed
monitoring of NO, over densely populated regions, including the Seoul Metropolitan Area,
Manila, Taiwan, South Korea, and Thailand [175]. High-resolution WRE-Chem simulations
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(4 km grid) revealed strong sensitivity of NO, columns to model resolution, captured local
enhancements not resolved at coarser scales, and highlighted biases in global emission
inventories (e.g., EDGAR v5). Integration with in situ airborne measurements further
validated model outputs, demonstrating the potential of synergizing WRF-Chem with
satellite and field campaign data for accurate, high-resolution air quality assessment and
emissions adjustment in rapidly evolving environments.

Beyond technological advancements, the accessibility and openness of air quality data
play a crucial role in enabling informed decision-making, fostering citizen engagement,
and supporting smart city initiatives. Platforms such as OpenAQ provide raw air quality
measurements that can be analyzed locally and globally, yet challenges remain regarding
data quality, interoperability, and standardization across cities. Citizen science initiatives,
like “Smell Pittsburgh” [176] and “Participatory Action for Citizens” Engagement” [177],
demonstrate how community involvement in data collection and analysis can improve
understanding of local air pollution issues and drive effective interventions. Future efforts
combining low-cost sensors, satellite data, numerical models, and active public engagement
have the potential to create more robust, equitable, and actionable air quality monitoring
systems [178-180].

Another important direction is the use of federated and privacy-preserving learning,
which allows models to be trained collaboratively across multiple institutions or regions
without sharing raw data. This approach can address legal and ethical concerns related to
privacy, regulatory restrictions, and data sovereignty. In parallel, there is growing interest
in multi-modal and multi-fidelity data fusion. By combining ground-based sensor measure-
ments, satellite imagery, chemical transport model outputs, meteorological forecasts, and
mobility data, researchers can construct richer and more resilient forecasting frameworks.

Interpretability remains a major challenge in the deployment of deep learning models.
Many state-of-the-art systems still operate as “black boxes”, which can limit their accep-
tance by environmental agencies and policymakers. Alongside interpretability, there is a
push toward real-time and edge computing solutions. Deploying forecasting algorithms
directly on IoT devices or edge servers reduces latency and dependence on centralized
infrastructure, enabling on-site air quality warnings in smart city applications.

Climate change introduces additional complexity to air pollution forecasting. Shifts
in atmospheric circulation, the increasing frequency of wildfires, and the occurrence of
heatwaves are altering pollution baselines and generating extreme events that existing
models may not capture effectively. Utilizing climate-related variables in forecasting
frameworks could improve resilience against these emerging challenges. Finally, the
integration of forecasting systems into policy making and public health decision support
tools remains an open problem. Models that produce actionable alerts, guide traffic or
industrial restrictions, and inform urban planning can transform air quality forecasting
from an academic exercise into a cornerstone of environmental governance. Key future
research directions are as follows:

¢  Federated and privacy-preserving learning for multi-region, data-sensitive applications;

¢ Multi-modal data fusion integrating sensors, satellites, chemical transport models,
and mobility data;

¢  Edge computing for real-time forecasting and on-site air quality alerts;

¢  Explainable Al to improve adoption by policymakers and environmental agencies;

* Adaptive hybrid models capable of responding to dynamic atmospheric, emission,
and socio-economic changes;

¢ Integration of forecasting systems into public health and urban planning decision
support tools;

*  Development of standardized benchmarks and open datasets for reproducible evaluation.
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The progress of the field critically depends on stronger benchmarking practices, as the
current lack of standardized datasets, common evaluation metrics, and open repositories
makes objective model comparison and reproducibility challenging. Many studies still rely
on proprietary or locally collected data, which hinders cross-study evaluation and slows the
adoption of best practices. Establishing open, curated benchmark datasets covering diverse
regions and pollution scenarios, together with harmonized evaluation protocols, would
facilitate fair model comparison, accelerate methodological innovation, and strengthen
transparency. Achieving these goals will require interdisciplinary collaboration between
environmental scientists, computer scientists, and policymakers, ensuring that advances in
forecasting methods are both scientifically rigorous and practically applicable in real-world
air quality management systems.

Future research should focus on increasing the transparency of models and developing
methods that will allow for a better understanding of the impact of individual factors on
air quality. It will be important to develop more adaptive algorithms that automatically
adjust to new conditions, such as the introduction of emission regulations or changes in the
transport structure. It will also be crucial to develop short-term forecasts that will enable
a faster response to smog episodes and warn residents about threats. Moreover, further
improvement of the models by integrating different data sources and developing hybrid
forecasting methods should be realized. It will be necessary to develop more advanced
methods of air quality forecasting that take into account variable atmospheric conditions,
such as wind speed, wind direction, humidity, and pressure. These factors have a significant
impact on the spread of pollutants, and their accurate modeling can significantly improve
the precision of forecasts. Integrating meteorological data will allow for better prediction
of sudden increases in pollution and their local effects. The development of such methods
will help to prevent smog episodes more effectively and better plan protective measures.
Therefore, future research should focus on creating models that take into account both
historical data and dynamic changes in atmospheric conditions.
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Appendix A
Appendix A.1 Abbreviations of Methods Used for Forecasting

The abbreviations of methods cited in this survey are listed in Table Al.
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Table Al. Abbreviations of methods used for forecasting.

Abbreviation

Method

ABC

Al
ANFIS
ANN
AOD
API

AR
ARIMA
ARMA
AT-GCN
AQI
AQHI
Bi-GRU
Bi-LSTM
CAI
CAQI
CMAQ
CNN
DAQI
DL

DT
DWT
EEA

EL
ELM
EMD
ENN
ESN
FAA-NN
FFNN
GA
GAGNN
GAM
GB
GBR
GBTR
GCN
GNN
GPR
GRU
HGN
IAQI
IoT

Vs
k-NN
k-NNR
LR
LSTM
MVO
MLP
MLR
MTL
NAR-NN
NARX
NOM
PCA
PSI
PSO
RBF
RBN
RF

RFR

artificial bee colony
artificial intelligence
adaptive neuro-fuzzy inference system
artiticial neural network
aerosol optical depth
Air Pollution Index
autoregressive model
autoregressive integrated moving average
autoregressive moving average
attention temporal graph convolutional network
Air Quality Index
Air Quality Health Index
Bi-directional gated recurrent unit
Bi-directional long short-term memory
Comprehensive Air-quality Index
Common Air Quality Index
Community Multiscale Air Quality
convolutional neural network
Daily Air Quality Index
deep learning model
decision tree
discrete wavelet transform
European Environment Agency
ensemble learning
extreme learning machine
empirical mode decomposition
Elman neural network
echo state networks
factor-augmented autoregressive neural networks
feed-forward neural network
genetic algorithm
group-aware graph neural network
general additive model
gradient-boosting-based machine learning
gradient boosting regression
gradient boosted tree regression
graph convolutional network
éraph neural network

aussian process regression
gated recurrent unit
hierarchical graph network
Individual Air Quality Index
Internet of Things
input variable selection
k-nearest neighbors
k-nearest neighbors regression
linear regression
long short-term memory
multi-verse optimization algorithm
multilayer perceptron
multiple linear regression
multi-task learning
nonlinear autoregressive neural network
nonlinear autoregressive network with exogenous inputs
numerical optimization methods
principal component analysis
Pollutant Standards Index
particle swarm optimization
radial basis function
radial basis network
random forest
random forest regression
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Table Al. Cont.

Abbreviation Method

RM regression models

RNN recurrent neural network

RT regression trees

SARIMA seasonal ARIMA

SR stochastic regression

SSA sparrow search algorithm
SSH-GNN self-supervised hierarchical graph neural network
STN sparse attention transformer network
SVM support vector machine

SVR support vector regression

TSP total suspended particle

UAV unmanned aerial vehicle

QC quantile curves

OR quantile regression

VAE variational autoencoder
VARMA vector ARMA

WPD wavelet packet decomposition
WT-ARIMA wavelet transform ARIMA
WANN wavelet ANN

WRF Weather Research and Forecastin
WTNN wavelet transform neural networ

Appendix A.2 Error Measures

Let x; be the actual value, y; is a predicted value and 7 is the number of observations.

The i denotes the mean value of y, and the ¢ is the standard deviation. The error measures

used for forecasting evaluation are listed in Table A2.

Table A2. Error measures (with abbreviations) used for forecasting evaluation.

Abbreviation Error Measure Equation
0 Spearman correlation (A1)
AAD absolute average deviation (A2)
ARV average relative variance (A3)
CE cross entropy (A4)
DA direction accuracy (A5)
E? coefficient of efficiency (A6)
EM error mean (A7)
IA index of agreement (A8)
MAE mean absolute error (A9)
MAPE mean absolute percentage error (A10)
MASE mean absolute scaled error (A11)
MFB mean fractional bias (A12)
NAE normalized absolute error (A13)
NMSE normalized mean square error (A14)
NRMSE normalized root mean square error (A15)
PA prediction accuracy (A16)
R Pearson correlation coefficient (A17)
R? coefficient of determination (A18)
RE relative error (A19)
RMS root mean square (A20)
RMSE root mean square error (A21)
SEP standard error of prediction (A22)
SMSE standardized mean squared error (A23)
SOS sum-of-squares (A24)
SSE sum square error (A25)
n
6Y d?
p=1-—=1 (A1)
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where d; = R(x;) — R(y;) is a rank difference for each pair (x;,y;), and R(x;), R(y;) — ranks

of appropriate values.

y (e

AAD = =L 000
=T 100%

ARV = 1.0 — E2

n .
CE=— ;xi ln(%)

DA — 1 iwi, w; = {L if (yi1 — i) (Xig1 —vi) >0
n.4 0, otherwise
n
2 |x; — yz‘|2
E2=10-—
Yo lxi— gl
i=1
1 n
EM = — Y (y; — x;)
ni3
n
Y (xi —yi)?
IA=1-— i=1

1

n
(Ixi =gl + lyi — 9])*
=1

MAE — 1 f Yyi— i
n &= n
i=1
1% —
MAPE =100~ ) |* 4
miSh
1 n
- Z lxi — yil
MASE = =1
LY |
x]- —x]',1
n—1 =
MFB = 1 i XY
ni71
- E(xi + Vi)
n
Z |x; _yz|
i—1
NAE = =L
Z]/i
i=1
n
Z (yi — xl)2
NMSE = =1
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(A3)

(A4)

(A5)

(A6)

(A7)

(A8)
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NRMSE — % (A15)
Y i)
o i=1
PA = L o Do) (A16)
Z(xi - x)(]/z - ]7)
R=—— i=1 - (A17)
¢ S 2 ¢ 5o
Z(]/i - 7)?
RP=C2L (A18)
Z(xi -9)?

RE=5L .100% (A19)

1 n
— 2
RMS = - Z x: (A20)
i=1
RMSE = [~ 3"~ v, (A21)
n S\ v
100
SEP = ?RMSE (A22)
S 2
1 x(xi —Yi)
SMSE= —“=L (A23)
n (%
Y
n
SOS =Y (yi — x;)? (A24)
i=1
n
SSE = Y (x; — v;)* (A25)
i=1
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ARTICLE INFO ABSTRACT

Keywords: Air pollution is a global problem, which has a major impact on human health. Every year con-
Air pollution centrations of many air pollutants cause a large number of deaths. In Europe, particularly Poland,
Forecasting

there is poor air quality. In this paper, we deal with forecasting the concentration of air pollut-
ants. We propose four deep learning-based methods for forecasting, which include temporal
convolutional network (TCN), Kolmogorov-Arnold Network (KAN), fully convolutional network
(FCN), and gated recurrent unit (GRU). Each of the methods is used in three different configu-
rations. We generate predictions for eight air pollutants, from eight cities during a heating season
in Poland. Extensive twofold experimental evaluation, combining statistical hypotheses verifi-
cation and error measures (MAE, MAPE, RMSE) for more than 740 forecast models confirmed
high prediction accuracy. Moreover, experiments revealed the advantage of the proposed
methods over several state-of-the-art algorithms from the literature.

Predicting

Machine learning

Deep models

Convolutional neural networks

1. Introduction

Air pollution is a global problem that has a major impact on human health. The concentrations of many air pollutants, especially
PM, are responsible for a large number of deaths each year. In Europe, the air quality is poor in many areas, especially in urban ones
Potednik (2022). In many countries, due to the low awareness and understanding of the problem, the negative impact of poor air
quality is often ignored. One of the reasons may be insufficient knowledge about this important problem. Industrialization and
automobile transportation with fuel combustion contributes to the increase of many air pollutants such as benzene (CgHpg), carbon
monoxide (II) (CO), nitrogen oxide (II) and (IV) (NO, NOy), nitrogen oxygen (NOy), ozone (O3), particulate matter (PMig), sulfur
dioxide (SO3) etc. Therefore, air pollution is monitored and analyzed at air quality monitoring stations. The air quality is evaluated on
the basis of the data from air quality monitoring stations.

In Poland, there is in general poor air quality. World Health Organization (WHO) reports that among 50 cities in the European
Union with the worst air quality, 33 are located in Poland. Although the reduction in emissions of particulate matter is observed, high
concentrations of PMy 5 and PM; are still reported, especially in the heating season. However, the air quality is diverse in different
Polish cities sow. The most polluted regions in Poland cover the area of the south part of the country, especially the region of Upper
Silesia. The cleanest air is observed in the northern part of the country, close to the sea and in Lubusz Land. The criteria and re-
quirements for both air quality and air monitoring are specified by the Chief Inspectorate of Environmental Protection (GIOS).

Therefore, monitoring air quality is a very important aspect. One of the problems is the completeness of the monitoring data. Very
often the air quality monitoring stations experience some technical difficulties which are revealed by the lack of measurements. Thus,
one of the ways is to approximate missing values. This is connected with the task of forecasting. Many papers in the literature focus on
forecasting the concentration of air pollutants Liu et al. (2021, 2020); Yang et al. (2020). Used methods include large number of
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approaches: machine learning Dobrea et al. (2020); Sharma et al. (2021), deep learning Abirami and Chitra (2021); Heydari et al.
(2022) or hybrid approach Chang et al. (2020); Mao et al. (2021). However, sometimes the estimation results may not be satisfactory.

Forecasting air pollution is essential for several key reasons. The most important is protecting public health. Air pollutants such as
particulate matter, nitrogen oxides, ozone, and sulfur dioxide have a direct impact on human health. They can cause or exacerbate
respiratory, cardiovascular, and other diseases. Air quality forecasts allow for taking precautions, such as limiting time spent outdoors,
especially for the most vulnerable, such as children, the elderly, or those with chronic diseases. Regularly sharing air pollution
forecasts increases public awareness of air quality and its impact on health. This allows people to make informed decisions, such as
avoiding outdoor activities on days with high levels of pollution. Air pollution forecasting may also be helpful for crisis management
because, in emergency situations, such as forest fires or industrial accidents, air pollution forecasts can help assess the risk and co-
ordinate rescue and protection actions for the population.

In this paper, we propose methods for forecasting the concentration of the selected air pollutants in Poland. The analyzed air
pollutants include: C¢Hg (benzene), CO (carbon monoxide (II)), NO (nitrogen oxide (II)), NO, (nitrogen oxide (IV)), NOy (nitrogen
oxygen), O3 (ozone), PM;( (particulate matter), SO, (sulfur dioxide). These pollutants were analyzed in eight air quality monitoring
stations in Poland, located in different Polish cities: Jelenia Géra, Wroctaw, Gorzéw Wielkopolski, Sulecin, Zakopane, Gdansk,
Czgstochowa, and Koszalin. We have proposed methods utilizing novel approaches for forecasting: temporal convolutional network
(TCN), Kolmogorov-Arnold Network (KAN), fully convolutional network (FCN), and gated recurrent unit (GRU). Our goal is to obtain
forecasts of the concentration of the mentioned air pollutants. We have realized this, by learning each network with real data collected
from GIOS, in order to generate predictions of these concentrations. Then, we have compared the results of forecasting with these data,
to evaluate the quality of the predictions. Also, each of the proposed networks was run in three different input parameter combinations.
As aresult, we have obtained more than 740 prediction models, which we have further analyzed. These results were evaluated twofold:
by statistical hypotheses verification, and by analyzing the error measures, such as: mean absolute error (MAE), mean absolute per-
centage error (MAPE), and root mean square error (RMSE). The statistical hypotheses verification clearly confirmed that there is no
significant difference between the original data and forecasts generated by the proposed methods.

We have also implemented well-known state-of-the-art algorithms for forecasting, such as exponential smoothing, Holt-Winters
exponential smoothing, autoregressive integrated moving average (ARIMA), and random forest. Experimental evaluation confirmed
that the proposed methods generate more accurate forecasts. The statistical hypotheses verification revealed that in some cases state-
of-the-art algorithms generated forecasts with significant statistical difference, compared with the original data. The analysis of MAE,
MAPE, and RMSE also indicated that the proposed methods obtained lower values of errors, compared with algorithms from the
literature. This leads to the result that the proposed methods generate more accurate forecasts. Such analysis may be useful to estimate
the data in case it would be unavailable, for example, due to the technical issues in the air monitoring station.

1.1. Contribution

The contribution of this paper is the following. We propose four deep learning-based methods for forecasting air pollutants.
Proposed methods include neural networks based on temporal convolutional networks (TCN), Kolmogorov-Arnold Networks (KAN),
fully convolutional networks (FCN), and gated recurrent units (GRU). We benchmark proposed methods on the real data collected from
GIOS of eight selected cities in Poland. Obtained results are analyzed twofold: by statistical hypotheses verification, and by analyzing
the error measures. Findings clearly confirm that the proposed methods generate accurate forecasts of the concentration of the air
pollutants. The proposed methods' key element that distinguishes them is achieving a lower forecast error compared to the methods
described in the literature. In particular, our methods, thanks to modern and recent neural networks (especially relatively new
Kolmogorov-Arnold networks), allow for achieving higher forecast accuracy, which we have shown in the comparative analysis.

1.2. Organization of the paper

The paper is organized as follows. The next section describes previous and related work. Section 3 presents proposed deep learning
methods for forecasting. In section 4 the experimental evaluation of the proposed methods is performed. Finally, the last section
concludes this work. At the end of the paper, there is an Appendix that stores the large number of evaluation tables.

2. Previous and related work

A comprehensive survey of different techniques using Artificial Intelligence (AI) for air pollution forecasting is presented in
Subramaniam et al. (2022). The authors discuss various methods, including traditional statistical models, like ARIMA/regression
models Zhang et al. (2018); Masood and Ahmad (2021); Shams et al. (2021); Zeinalnezhad et al. (2020), artificial neural networks
Ahmadi et al. (2023); Cho and Moon (2022); Mishra and Goyal (2015); Shams et al. (2021); Sohn et al. (1999); Usmani et al. (2021),
support vector machine Murillo-Escobar et al. (2019); Nilashi et al. (2020); Wang et al. (2017), fuzzy logic Masood and Ahmad (2021),
deep learning models Bekkar et al. (2021); Du et al. (2019); Gilik et al. (2022); Heuvelmans et al. (2021); Kurnaz and Demir (2022); Lee
et al. (2017); Pak et al. (2020); Saxena (2021), and hybrid models Gu et al. (2022); Qi et al. (2019); Zhu et al. (2018). Considered
models are used mainly for forecasting various major pollutants (e.g. PMy s, PM;g, O3, CO, SOz, NO3, CO5). The performance eval-
uation error indexes include measures R-squared (the coefficient of determination, R?), root mean square error (RMSE), mean absolute
error (MAE), and mean absolute percentage error (MAPE). A review of hybrid methods useful for air quality forecasting is also
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presented in Baklanov and Zhang (2020); Liao et al. (2020); Liu et al. (2021); Méndez et al. (2023).

In Hong Zhang et al. (2017) the concentrations of PM;, in Taiyuan (China) were analyzed by using the wavelet model of ARMA/
ARIMA. The results were modeled with the relative error (RE), root mean square error (RMSE), and normalized root mean square error
(NRMSE). According to the results, the values of listed errors are minimal. In Harishkumar et al. (2020) a method for predicting the
values of PM, 5 using a regression model is proposed. Collected data include real observations from Pingtung station and Newport City
in Taiwan. The proposed method utilized the random forest, gradient boosting regression, decision tree regression, and multilayer
perceptron regression. The evaluation performance is conducted with MEA and RMSE measures. In Chang et al. (2020) an aggregated
LSTM model for air pollution forecasting is considered. Experiments are performed against three popular machine learning methods.
For evaluation, the MAE, RMSE, and MAPE measures are used. The research is conducted based on data collected from several places in
Taiwan. In Lee et al. (2020) a gradient-boosting-based machine learning approach for predicting the PM; 5 concentration in Taiwan is
proposed. Obtained results are also compared with Taipei, and London. The findings revealed that Taipei and London have similar
prediction results because of the similar city topography. Results were evaluated with the measures R? (coefficient of determination),
and root mean square error (RMSE).

In Bhatti et al. (2021) a method for predicting the concentration of PM, 5 using seasonal autoregressive integrated moving average
(SARIMA) is depicted. The evaluation is performed by using the statistical analysis. In Song and Fu (2020) a radial basis neural network
is discussed for the air quality prediction in Zhengzhou and Shanghai China. In Shi and Wu (2020), a method for the prediction of a
comprehensive air quality index in Xingtai (China) is proposed. Forecasting is realized by utilizing the speed of socio-economic
development. Results indicated that the grey multivariable model has high forecasting performance. In Ke et al. (2022) a method
for daily predicting PMz 5, PM;, SO2, NO2, O3, and CO based on data from Beijing, Shanghai, Guangzhou, Chengdu, Xi'an, Wuhan, and
Changchun (China) is described. Five machine learning models are used for generating the next 3-days pollution level forecasts. The
evaluation confirmed satisfactory results of the predictions.

In sow the analysis of particulate matter concentration in selected Polish cities is discussed. The studies were conducted in the years
2014-2016 in Wroctaw and Poznan, and the results revealed that the highest concentration of PM; o, PM, 5, and PM;o were observed in
2016 in both cities. In Czernecki et al. (2021) a machine learning methods for short-term forecasting of PM, 5 and PM;, in the biggest
Polish cities are discussed. The analysis includes using AIC-based stepwise regression, two tree-based algorithms (random forests and
XGBoost), and neural networks. Experimental evaluation confirmed the high accuracy of forecasting by using mentioned methods. In
Majewski et al. (2021) a method for predicting the number of days with atmospheric visibility in Warsaw (Poland) based on mete-
orological and air quality data is proposed. The approach utilizes an Iman—Conover method that can be used to simulate a time series of
meteorological and air quality parameters. Experiments enhanced by statistical verification showed that the considered model can
effectively determine the number of days in a month with visibility in a specific range. In Kujawska et al. (2022) a number of machine
learning methods for predicting the concentration of PM;, in Lublin (Poland) is discussed. The following methods were used: linear
regression (LR), k-nearest neighbors regression (k-NNR), support vector machine (SVM), regression trees (RT), Gaussian process
regression models (GPR), artificial neural network (ANN) and long short-term memory network (LSTM). Experimental evaluation by
analyzing the coefficient of determination (R?) indicated that the artificial neural network achieved the best prediction results over the
other methods. Another work with air quality analysis may be found in Gaj et al. (2020); Kryza et al. (2020).

3. Proposed methods

In this section, we describe the architectures of the four networks that might be used for the task of forecasting. Discussed networks
include temporal convolutional network (TCN), Kolmogorov-Arnold Network (KAN), fully convolutional network (FCN), and gated
recurrent unit (GRU). Before intriducing the proposed methods, let us briefly describe the basics of neural networks when applied to
forecasting tasks.

Neural network forecasting relies on the ability of these models to detect complex patterns in data, allowing them to predict future
values based on historical observations. Neural networks learn from large data sets, adapting their parameters to minimize forecast
errors and increase the accuracy of results. This approach is especially effective in complex problems such as financial forecasting,
weather forecasting, or analyzing customer behavior. The process of training a neural network starts with reading input data, which is
then processed by subsequent layers of the model, such as convolutional layers, which extract important features from the data. This
information is then passed through activation and fully connected layers, which integrate and interpret the detected patterns. Finally,
the network generates an output by comparing it with the actual output value. The difference between the generated output and actual
output value is called the error, and is minimized by adjusting the weights and parameters of the network to increase the accuracy of
the prediction.

Let us briefly summarize the key concepts related to neural network operations. A convolutional layer is responsible for auto-
matically detecting local patterns in data, making it essential for tasks such as image analysis and time series processing. A filter (or
weight matrix) is applied in the convolutional layer and moves across input data (e.g., images or time series), identifying patterns and
features like edges or textures. The dilation rate is a parameter that extends the filter's range in the convolutional layer, enabling the
network to capture broader patterns without increasing the number of parameters. The kernel size, which defines the filter's di-
mensions, determines the area the filter processes at each step, impacting the resolution of detected details. Padding is the addition of
extra values (usually zeros) to the beginning or end of a sequence, allowing convolutional filters to analyze the entire length of the
series, including its beginnings and ends. This allows the network to preserve the full length of the original sequence and better detect
patterns at its ends. A fully connected layer has connections of each neuron to every neuron from the previous layer, integrating
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information from different processing stages. An activation function is a nonlinear function in neurons that decides how signals are
transmitted to the next layer, allowing the network to model complex data relationships. One of the most common activation functions
is the Rectified Linear Unit (ReLU). It returns the input value if it is positive, or zero if it is negative, which helps the neural network
converge faster. Another activation function called the Scaled Exponential Linear Unit (SELU), normalizes activation values within the
network, stabilizing training. Dropout is a regularization technique that randomly deactivates neurons during training to prevent
overfitting. Finally, the learning rate, which defines the size of weight adjustments in each optimization step, is crucial for achieving a
stable and efficient training process.

3.1. Temporal convolutional network

Temporal Convolutional Networks (TCNs) are a type of convolutional neural network (CNN) designed to process sequential data
such as time series. Unlike recurrent neural networks (RNNs), TCNs use convolutional operations with dilation, which allows them to
efficiently model long-term temporal dependencies without the problems associated with decaying gradient Bai et al. (2018). The
structure of a TCN usually includes multiple convolutional layers using dilated convolutions to capture information from distant time
points in the sequence. The proposed TCN consists of six convolutional layers, which can be described as follows:

(1) The first 1D convolution layer with kernel size 3, SELU as activation function, and dropout;

(2) Second 1D convolution layer with dilation rate 2, kernel size 3, SELU as activation function and dropout;

(3) Third 1D convolution layer with dilation rate 4, kernel size 3, SELU as activation function and dropout;

(4) Fourth 1D convolution layer with dilation rate 8, kernel size 3, SELU as activation function and dropout;

(5) Fifth 1D convolution layer with dilation rate 16, kernel size 3, SELU as activation function and dropout;

(6) The last layer reduces the number of channels to the desired output using 1 x 1 convolution, generating a prediction tensor for
the sequence.

TCNs are particularly useful in tasks such as video segmentation Lea et al. (2017, 2016) or time series forecasting, where it is
important to capture the dependencies between temporally distant elements. In our approach, the input data is processed using a
sliding window of a defined size, which allows for generating forecasts based on the entire time sequence. This approach enables TCNs
to be applied to a variety of forecasting tasks, effectively combining low- and high-level temporal features.

We propose to use a non-linear SELU function Klambauer et al. (2017), which is a variant of the ReLU function Nair and Hinton
(2010) and is defined as presented as Equ 1.

for x>0
x<0

X

aexp(x) —a for @

SELU (x) = /1{

where a ~ 1.6733 and 1 ~ 1.0507. Dropout regularization is employed to prevent overfitting by randomly setting a fraction of the
activations to zero during training. Additionally, the dilation rate in a convolutional layer specifies how many input values are skipped
between each step of the convolution. A dilation rate of 1 corresponds to a standard convolution, whereas higher rates result in
skipping more values between the convolutions. The structure of the proposed network is presented in Fig. 1.

3.2. Kolmogorov-Arnold network

Kolmogorov-Arnold Networks (KAN), named after the Kolmogorov-Arnold theorem, which proves that any continuous function of
several variables can be approximated by a superposition of continuous one-dimensional functions, were presented in 2024 Liu et al.
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dropout = 0.3 dropout = 0.3 dropout = 0.3

Fig. 1. The structure of the temporal convolutional network (TCN).
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(2024). This type of network consists of fully connected layers, where each neuron in one layer is connected to every neuron in the next
layer. The KAN architecture allows for capturing more complex patterns in the data compared to traditional neural networks, making it
suitable for tasks that require precise modeling of nonlinear relationships, such as modeling complex mathematical functions, financial
data analysis, or signal processing.

Each layer performs a linear transformation of the input data, learning a set of weights and biases during training. Furthermore,
these layers use a nonlinear activation function, usually sinusoidal, which allows for modeling complex, nonlinear relationships in the
data. The sinusoidal function enables the network to reflect complex patterns, according to the Kolmogorov-Arnold theorem theory.

We propose the following structure of the Kolmogorov-Arnold Network:

(1) The first fully connected layer (FC1) with 64 neurons, sinusoidal activation function and dropout;

(2) The second fully connected layer (FC2) with 128 neurons, sinusoidal activation function and dropout;
(3) The third fully connected layer (FC3) with 256 neurons, sinusoidal activation function and dropout;
(4) The fourth fully connected layer (FC4) with 512 neurons, sinusoidal activation function and dropout;
(5) The last layer takes as input the output from FC4 and generates the final prediction.

The network takes a time series as input, processing it with a sliding window of a defined size. The values from subsequent windows
are passed through network layers. Finally, the network generates a prediction based on the values from the window. The size of the
window can be freely defined. The structure of the proposed network is presented in Fig. 2.

3.3. Fully convolutional network

A fully convolutional network (FCN) is a type of neural network that uses only convolutional layers, eliminating the fully connected
layers that are traditionally used in classical CNNs. FCNs were originally designed for image segmentation tasks, where they allow for
assigning labels to each pixel of the image. However, their flexible architecture also allows for efficient processing of time series,
especially in the context of tasks such as prediction and pattern detection.

We propose the following fully convolutional network structure:

(1) A first convolutional layer with 32 filters, kernel size 3, SELU as activation function, and dropout, transforming the input size
into the number of filters;

(2) A second convolutional layer with 64 filters, kernel size 3, SELU as activation function, and dropout;

(3) Third convolutional layer with 128 filters, kernel size 3, SELU as activation function and dropout;

(4) Fourth convolutional layer with 256 filters, kernel size 3, SELU as activation function and dropout;

(5) The last convolutional layer with 512 filters, kernel size 1, SELU as activation function, and dropout, transforming the number
of filters into the final result.

Convolutional layers are extremely effective at detecting local patterns in the input data, which is especially important in time
series processing, where preserving information about local temporal dependencies is crucial. Using smaller kernel sizes allows the
network to capture more detailed patterns in the data while increasing the number of filters in subsequent layers allows the modeling

Input
time series
FC1 FC2 FC3 FC4
64 neurons 128 neurons 256 neurons 512 neurons

dropout = 0.3 —} dropout = 0.3 —’ dropout = 0.3 —} dropout = 0.3

J

Output

Fig. 2. The structure of the Kolmogorov-Arnold network (KAN).
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increasingly complex features. Using convolutional layers instead of fully connected layers for classification offers several advantages.
Each neuron in the convolutional layer is connected only to a local region of the previous layer, called the receptive field, which
preserves spatial information and eliminates the need to flatten the input data. Convolutional filters slide over the input data, applying
the same weights to different positions, which significantly reduces the number of parameters compared to fully connected layers,
reducing the risk of overfitting and increasing computational efficiency.

To further reduce the risk of overfitting, we propose to use a dropout regularization technique that randomly excludes a percentage
of neurons during training, preventing the model from becoming too dependent on specific neurons. The network takes a time series as
input, processing it with a sliding window of a defined size. The values from subsequent windows are passed through network layers
that gradually learn more complex patterns in the data. Finally, the network generates a prediction based on the values from the
window. The size of the window can be defined arbitrarily. The structure of the proposed network is presented in Fig. 3.

3.4. Gated recurrent unit network

Gated recurrent unit (GRU) is a type of recurrent neural network (RNN) designed by Cho et al. in 2014 Chung et al. (2014). GRU,
like Long Short-Term Memory (LSTM), was designed to solve the vanishing gradient problem that made it difficult to train classical
RNNs when working with long sequences of data. Unlike LSTM, GRU has a simplified architecture, which makes it less computationally
complex and often more efficient.

A GRU network takes input data with parameters: input size, hidden size, and output size. Input size and output size refer to the
dimensions of the input and output data, respectively, while hidden size refers to the number of GRU units in a layer.

The structure of the proposed GRU network can be presented as follows:

(1) A layer with 64 GRU units;
(2) A linear layer that maps the last hidden state to the output size.

The key elements of the GRU architecture are two gates: an update gate and a reset gate. These gates control the flow of information
through the network, allowing it to adaptively remember or forget information at each time step.

The reset gate determines how much information from the previous hidden state h,_; should be “forgotten” when processing the
current time step. Its operation can be described by the following formula:

re=oc(Wr-[he1,x])
where ¢ is the sigmoid function and W, is the weight of the reset gate.
The update gate controls to what extent the new state Tlt should replace the previous hidden state h;_;, which can be expressed as:

Z = O'(Wz ! [ht—lvxt] )

where W, is the weight of the update gate.
The final new hidden state h; is a combination of the previous state and the new information:

he=2-h_1+(1 —Zt)'/ﬁt

The hidden states in the GRU store internal representations of the sequence, which are updated at each time step. This allows the
GRU to “remember” information from previous time steps, which is crucial in processing sequences where historical context is

1D Convolution 1D Convolution

32 channels 64 channels
Input kemnel = 3 kemnel = 3
time padding =1 padding =1
ceries P sEw  —P|  sew

dropout = 0.2 dropout = 0.2

1D Convolution 1D Convolution
128 channels 256 channels

1D Convolution
512 channels

kemel = 3 kemel = 3 kemel = 3 Output
padding =1 padding = 1 padding = 1
s =P sew P sew  —P
dropout = 0.2 dropout = 0.2 dropout = 0.2

Fig. 3. The structure of the fully convolutional network (FCN).
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important. The linear layer at the end of the GRU network transforms the last hidden state into the output prediction. This layer acts as
a function that maps a representation of the sequence to a target output, allowing the model to generate predictions based on patterns
detected in the input sequence.

In practice, the GRU network takes data sequences as input and processes them using a window of a defined size. Each sequence is
passed through GRU which updates the hidden states. Once the entire sequence has been processed, the last hidden state is used to
generate the final prediction. The size of the input time window can be adjusted. The structure of the GRU is presented in Fig. 4.

4. Experimental evaluation

In this section, we benchmark the proposed methods by performing forecasting simulations based on the real data from the GIOS.
The data from the GIOS represent values of concentrations (ug/m?3) of the particular air pollutants. More precisely, our goal is to learn
the proposed methods by the data representing different concentrations of air pollutants from several Polish cities (let us further name
it original data) and to compare results generated by the proposed methods with the original data. This made it possible to evaluate the
forecasting quality of the proposed methods.

4.1. Collected data and area description

The forecasting evaluation was conducted with the following air pollutants: C¢He (benzene), CO (carbon monoxide (II)), NO
(nitrogen oxide (1)), NO, (nitrogen oxide (IV)), NOy (nitrogen-oxygen), Os (ozone), PM;, (particulate matter), SO2 (sulfur dioxide).
These pollutants were analyzed in the following air quality monitoring stations in Poland: DsJelGorOgin (Jelenia Géra), DsWroc-
WybCon (Wroctaw), LuGorzKosGdy (Gorzéw Wielkopolski), LuSulecDudka (Sulecin), MpZakopaSien (Zakopane), PmGdaLeczkow
(Gdansk), SlCzestoBacz (Czestochowa), and ZpKosz (Koszalin). Please note that the data representing ZpKosz comes from the two air
quality monitoring stations in Koszalin: ZpKoszArKraj and ZpKoszChopin. This combination was essential because ZpKoszArKraj does
not monitor the concentration of O3 and SO,.

We use the codes of the air stations and follow them in the further part of the paper; in the round brackets, there are names of the
cities, in which a particular air station is located. We have used the aforementioned data because they are characterized by complete
accessibility. Moreover, all listed air pollutants are characterized by hugely different concentrations, so it allows for a better evaluation
of the proposed methods. The location of the air stations can be seen in Fig. 5.

We present forecasting results from the hourly data collected from 2 January 2022 (heating season in Poland) for all listed air
pollutants from 0:00 to 23:00 h. Thus, the input data for each of the proposed methods is equal to 24. The accuracy of forecasting on
data from other days is similar, so we skipped their presentation for clarity. The data for benzene (C¢Hg) is unavailable for LuSu-
lecDudka and MpZakopaSien because their air monitoring stations do not analyze this air pollutant. The data are not pre-processed (e.
g. normalized) — the proposed methods are learned by the original data directly.

4.2. Usage of the proposed methods, meta parameters, and implementation

The proposed methods were used in the following manner. Each of them was implemented to take as input multiple values and
produce the output of one single value, which was a prediction. The number of input multiple values was different — there were
conducted a set of experiments in which each network (TCN, KAN, FCN, and GRU) generated predictions based on 3, 5, and 7 input
values (let us further name these values window). So, to calculate predictions for input data, the window was sliding over it and the
specific method was producing the prediction. Therefore, using 8 air pollutants from 8 air quality monitoring stations of 4 proposed
methods (each method run threefold) generated a 744 series of predictions.

The meta parameters for all networks are similar. Each network was learned for 1000 epochs, the Adam optimizer was used. Almost
all networks were learned with a learning rate equal to 0.001, only for the KAN we have used 0.01. The dropout was set to 0.3 for TCN
and KAN; in the case of FCN we used 0.2, and the GRU did not use the dropout. The meta parameters are summarized in Table 1.
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h (t-1) reset
gate

Input

Fig. 4. The structure of the gated recurrent unit (GRU).
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Fig. 5. The location of the air quality monitoring stations in Poland used in the experiment.

The meta parameters values were selected experimentally, which is a common approach in complex neural network applications.
Iterative testing and analysis of results allowed to find settings that provide adequate model accuracy, lowering the prediction error
measures while maintaining computational efficiency. However, due to the complexity of such experiments, their presentation is
skipped in the manuscript for clarity.

The scripts for the proposed methods were implemented under Python programming language with PyTorch framework with
Nvidia CUDA support. The scripts for statistical verification were implemented in Matlab. Experiments were held on a personal
computer equipped with an Intel Core i5-10,400@2.9GHz CPU with 32 gigabytes of RAM and a Nvidia RTX 3060 GPU with 12
gigabytes of video memory.

We compare the proposed methods both with the original data, but also with the forecasts generated by the following state-of-the-
art algorithms: exponential smoothing Gardner Jr. (1985), Holt-Winters exponential smoothing Lima et al. (2019), autoregressive
integrated moving average (ARIMA) Shumway and Stoffer (2017), and random forest Rigatti (2017). The implementation of state-of-
the-art algorithms was realized in Python programming language using built-in libraries: statsmodels library which offers a great
number of different statistical methods, including exponential smoothing, Holt-Winters exponential smoothing and ARIMA algorithms
and the sklearn library for the random forest algorithm. Let us summarize the parameters of these algorithms.

(1) Exponential smoothing: this algorithm enables setting the smoothing level which was set to 0.2. This parameter determines the
weight of the new observations compared to older observations. No optimization is used.

(2) Holt-Winters exponential smoothing: the algorithm assumes that the data shows seasonality with a seasoning period set to 12
and also assumes that the data shows seasonality. The built-in optimization is enabled.

(3) ARIMA: this algorithm takes as input the three values: (p,d,q). Their usage is in the following manner: p = 5, which denotes
taking 5 last observations for the prediction; d = 1 enables the differentiation only once; g = O states that the algorithm does not
use the moving average (MA) for generating predictions.

(4) Random forest: the algorithm was used with the following parameters. The number of observations used for predictions is 5, the
other parameters were set as the following:

Table 1
Meta parameters of the proposed networks.
TCN KAN FCN GRU

input (# of values) 3/5/7 3/5/7 3/5/7 3/5/7
output (# of values) 1 1 1 1
dropout 0.3 0.3 0.2 not used
learning rate 0.001 0.01 0.001 0.001
optimizer Adam Adam Adam Adam
# of epochs 1000 1000 1000 1000
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Maximum number of the trees in the forest: 200;
Maximum depth of the tree: 30;

Minimal number of samples for splitting the node: 10;
Minimal number of samples in the leaf: 4.

Technical information about the work and logic of state-of-the-art algorithms' may be found in the aforementioned papers.

4.3. Forecasting examples — visual inspection

Due to the very large number of forecast models (744 figures), we skip presenting them in the paper. We only show two selected
forecast models that may be seen in Fig. 6 and 7.

Visual inspection confirms the reliability of the proposed methods. The forecasts of the SO, in the DsJelGorOgin air monitoring
station generated by the GRU are almost overlapped with the original data (Fig. 6). A similar situation is observed in the case of TCN
predictions for CO in ZpKosz (Fig. 7). However, during hours 14-16, some inaccuracies may be observed. What is interesting, less
accurate turned out to be the TCN with a window of size 7. Nevertheless, this does not have a negative impact on the overall forecasting
accuracy. Detailed numerical analysis of the forecast models we present in the next subsections.

4.4. Statistical verification

The statistical verification relying on hypothesis testing allows for answering the question, of whether the analyzed data differ from
each other significantly. We have analyzed, if the original data from GIOS differ significantly from the forecasts obtained by the
proposed methods. We have also examined if our predictions differ from the forecasts generated by state-of-the-art algorithms. All tests
were performed at the a = 0.05 significance level.

4.4.1. Normality tests
First of all, the normality tests were performed. We have used the Shapiro-Wilk test to determine if the analyzed data perform the
normal distribution. The hypotheses are defined as following Shapiro and Wilk (1965):

e #,: The analyzed data performs the standard distribution;
e J1: The analyzed data does not perform the standard distribution.

To accept or reject the null hypothesis, it is essential to calculate the Shapiro-Wilk test statistic S, and then calculate the p-value (let
us further name it shortly p). The p is compared with the significance level, and if greater, then there is no reason to reject the null
hypothesis .#,. Otherwise, the alternative hypothesis #; is accepted. Alternatively, if S is greater than the test critical value, the .#,
might be accepted.

We have checked all the data, if they perform the normal distribution. The critical value for 24 input samples is equal to 0.916. For
clarity, we only present results hypotheses values as Table 2. Full results with the values of p and test statistics S are presented in the
Appendix as Table A.9-A.16.

The results clearly indicate that the great majority of the analyzed data does not perform the normal distribution. In most cases, the
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Fig. 6. GRU forecasts compared with the original data for SO, (DsJelGorOgin)
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Fig. 7. TCN forecasts compared with the original data for CO (ZpKosz)

p is around 0.00, so the hypothesis #, should be rejected. Another confirmation is that the statistical test S is lower than the critical
value, so there is no reason to accept the #,. Therefore, for further analysis, the non-parametric Kruskal-Wallis ANOVA test was used.

4.4.2. Kruskal-Wallis ANOVA

The non-parametric Kruskal-Wallis ANOVA (also called Kruskal-Wallis one-way analysis of variance for ranks) is an extension of
the U Mann-Whitney test for more than two populations. This test is used for the verification of the insignificance of differences of the
medians in k > 2 populations Kruskal and Wallis (1952); Kruskal (1952). The hypotheses for k groups are defined as follows:

e Hy: 01 =0y = --- = 0 (all the medians are equal);
e 1: Not all medians 6; are equal (j =1,2,...,k).

To accept or reject the null hypothesis, it is essential to calculate the test statistic F, and then calculate the p. The p is compared with
the significance level, and if greater, then there is no reason to reject the null hypothesis .#,. Otherwise, the alternative hypothesis .#;
is accepted. Alternatively, we can compare the test statistic F with the test critical value. If the test statistic is greater than the critical
value, the 2, should be rejected.

Experiment I — Forecasts comparison with original data. In this experiment, we statistically compare the medians of the original
data and the forecasts generated by the proposed methods. Since we analyze 13 groups, the number of degrees of freedom between
groups is equal to 13 — 1 = 12. The number of degrees of freedom within groups is equal to 299. Therefore, the critical value is equal to
1.84. To accept the .#y, the value of the test statistic should not exceed the critical value. Results of the Kruskal-Wallis ANOVA test
statistic are presented in Table 3.

Results indicate that in no case the values of the test statistics F do not exceed the critical value of the test. What is more, in the
majority of cases it is much lower. Therefore, the hypothesis #, may be accepted, so it leads to the corollary, that all the forecasts
obtained by the proposed methods do not differ significantly from the original data per each air pollutant. Thus we can assume that the
forecasts are accurate for all air quality monitoring stations.

Experiment II — Forecasts comparison with original data and state-of-the-art algorithms. In this experiment, we statistically
compare the medians of the original data both with the forecasts calculated by the proposed methods and forecasts generated by state-
of-the-art algorithms. In this experiment, we analyze 17 groups, and the number of degrees of freedom between groups is equal to 17 —
1 = 16. The number of degrees of freedom within groups is equal to 391. Thus, the critical value is equal to 1.74. Results of the
Kruskal-Wallis ANOVA test statistic are presented in Table 4.

The obtained results suggest that in the majority of the cases, the test statistic F is greater than the critical value (1.74). This means
that the hypothesis #, should be rejected, and the analyzed data differ significantly. The most demanding was the LuSulecDudka air
quality station, where all data turned out to be different from each other. From the air pollutants, the most challenging was SOy, where
in all cases the hypothesis of the median equality was rejected. The very low accuracy of forecasting is noticed for O3 for DsWroc-
WybCon, and SlCzestoBacz, where the differences between the analyzed data are very large. The most accurate forecasts are observed
in the case of CgHg in DsJelGorOgin, where the value of the F statistic was equal to 0.02. The most stable was the PmGdaLeczkow air
station, where only O3 and SO, were different.

To check the specific tendencies, we can perform the post-hoc analysis.

Experiment II — Post-hoc analysis. Due to the fact that Kruskal-Wallis ANOVA only generally indicates, whether the groups differ
(or not) significantly without pointing precise differences, the post-hoc analysis may be calculated. The post-hoc indicates the sum of
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Table 2

Hypotheses of the normality tests. 0 denotes that data represent normal distribution, and 1 denotes the difference from the normal distribution. The number next to the name of the proposed method
denotes the size of the window (e.g. TCN 3 denotes the TCN with a window of size 3; FCN 7 denotes the FCN with a window of size 7); exp. sm. denotes exponential smoothing algorithm; exp. (Holt)
denotes Holt-Winters exponential smoothing algorithm; ARIMA stands for autoregressive integrated moving average algorithm; r. forest denotes the random forest algorithm.

original TCN 3 TCN 5 TCN 7 KAN 3 KAN 5 KAN 7 FCN 3 FCN 5 FCN 7 GRU 3 GRU 5 GRU 7 exp. sm. exp. (Holt) ARIMA r. forest

DsJelGorOgin

CsHe 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
co 1 0 0 0 0 0 0 1 0 1 1 0 0 0 0 0 1
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1
NO; 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1
NOy 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1 1
O3 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1
PMio 0 0 1 0 1 1 1 1 1 1 1 1 1 0 0 0 1
SO, 0 0 0 0 1 1 1 1 1 1 1 0 0 1 0 0 1
DsWrocWybCon

CsHe 1 1 1 1 1 1 0 1 0 1 0 1 1 0 0 0 1
co 1 0 1 0 1 1 1 0 1 0 0 0 0 0 1 1 1
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NO; 0 0 1 1 0 0 0 0 0 0 0 1 0 1 0 0 1
NOy 0 1 1 0 0 0 0 0 1 0 0 1 1 1 0 0 1
O3 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
PM,o 1 0 0 0 1 1 1 1 1 1 1 1 1 0 1 0 1
SOy 1 0 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
LuGorzKosGdy

CeHe 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1
co 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1
NO, 0 0 0 0 1 1 1 1 1 1 1 1 1 0 1 0 0
NO, 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1 0 1
03 0 0 0 0 1 1 1 0 1 0 1 1 1 0 0 0 0
PM;o 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1
SOz 0 1 0 0 1 1 1 1 1 1 1 1 1 0 0 0 1
LuSulecDudka

co 0 0 0 0 1 1 1 0 0 1 1 0 1 1 0 0 1
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NO, 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NO, 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
O3 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1
PMjo 0 1 0 0 1 0 1 1 1 1 1 1 1 0 0 0 0
SOz 0 0 1 0 0 0 0 0 0 0 0 0 0 1 1 0 1
MpZakopaSien

co 1 0 1 1 1 1 1 1 1 1 1 1 1 0 1 0 1
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NO, 0 1 1 0 1 1 1 1 1 1 1 1 1 0 0 0 1
NOy 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
O3 1 0 0 1 1 1 1 1 1 1 1 1 1 0 0 0 1
PM;o 1 1 1 1 0 1 0 1 1 1 1 1 1 0 1 1 1
SOz 1 1 0 0 1 0 1 1 0 1 1 0 1 0 0 0 1
PmGdaLeczkow

CgHe 1 0 1 1 0 1 0 1 1 1 1 1 1 0 0 1 0
co 0 0 0 0 1 1 0 0 0 0 1 1 0 1 0
NO 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1

(continued on next page)
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Table 3
Values of test statistic F of the Kruskal-Wallis ANOVA test — forecasts comparison with original data.
CeHg co NO NO, NOy 05 PM, SO,
DsJelGorOgin 0.01 0.23 0.01 0.12 0.15 0.34 0.88 0.33
DsWrocWybCon 0.14 0.04 0.11 0.15 0.21 0.52 0.61 0.37
LuGorzKosGdy 0.03 0.02 0.06 0.65 0.85 0.30 0.02 0.71
LuSulecDudka n/a 0.29 0.17 0.27 0.21 0.88 0.38 0.29
MpZakopaSien n/a 0.04 0.18 1.00 1.46 0.08 0.33 0.03
PmGdaLeczkow 0.06 1.24 0.03 0.05 0.05 1.23 0.10 0.89
SlCzestoBacz 0.06 0.26 0.12 0.66 0.02 0.65 0.28 0.08
ZpKosz 0.18 0.52 0.03 0.06 0.03 0.55 0.06 0.10

Table 4
Values of test statistic F of the Kruskal-Wallis ANOVA test — forecasts comparison with original data and state-of-the-art algorithms.
CeHe CcO NO NO NOy O3 PM;o SO

DsJelGorOgin 0.02 0.22 2.33 3.36 6.11 0.82 2.96 2.88
DsWrocWybCon 0.14 0.06 1.16 2.99 1.15 14.30 7.94 2.93
LuGorzKosGdy 0.24 0.38 3.08 8.86 1.95 5.15 3.89 3.92
LuSulecDudka n/a 21.50 5.51 2.97 6.96 7.33 80.29 12.62
MpZakopaSien n/a 3.39 1.98 3.09 4.76 0.74 0.66 4.19
PmGdaLeczkow 0.14 0.85 0.04 1.73 1.30 5.84 0.13 7.40
SlCzestoBacz 4.80 0.24 0.11 0.75 5.19 16.50 5.37 3.96
ZpKosz 5.94 0.51 0.83 0.98 2.87 3.92 5.94 2.07

the ranks of the particular groups, so one may deduce the precise tendencies between them. In Table 5 the values of the sum of ranks for
the particular data are described.

Results point out that the sum of ranks between the original input data and the forecasts generated by the proposed methods are
similar (as it results from Experiment I). The main differences may be observed in the case of state-of-the-art algorithms. For example,
ranks for DsJelGorOgin, DsWrocWybCon, LuGorzKosGdy, LuSulecDudka, and SlCzestoBacz are clearly higher than in the case of the
original and the proposed methods. On the other hand, ranks for PmGdaLeczkow, and ZpKosz are lower. This may be interpreted that
higher rank values indicate that obtained forecast values are bigger. Similarly, lower rank values point to PmGdaLeczkow, and ZpKosz
mean that their forecasted values are smaller than the original and proposed methods. This analysis confirms that state-of-the-art
algorithms do not produce accurate forecasts, compared with the proposed methods. To conclude, the overall number of forecast
models generated by the proposed methods was equal to 762; the number of forecast models by state-of-the-art algorithms was 248.
None of the forecasts generated by proposed networks was significantly different from the original data; 61 forecast models (25 %) by
algorithms from the literature were significantly different from the original data. This is another confirmation of the accuracy of the
proposed methods.

4.5. Results of error measures

We compare the forecasts obtained by the proposed and state-of-the-art methods by calculating estimators including mean absolute
error (MAE), mean absolute percentage error (MAPE), and root mean square error (RMSE). The MAE is defined as shown in eq. 2:

1 Ye—x
MAE = — — 2
n él | 0 | ()]

where x; is the actual value, y; is a predicted value and n is the number of observations.
The MAPE may be calculated as shown in eq. 3:

Table 5
Post-hoc analysis of sum of ranks for Experiment II.
original proposed state-of-the-art

DsJelGorOgin 187 188 260
DsWrocWybCon 194 187 263
LuGorzKosGdy 200 198 227
LuSulecDudka 188 194 238
MpZakopaSien 207 206 201
PmGdaLeczkow 231 223 144
SlCzestoBacz 200 192 245
ZpKosz 215 212 181
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1< —
MAPE = 100- 3 | X 3
n= t
where x; is the actual value, y; is a predicted value and n is the number of observations.
The RMSE might be determined as shown in eq. 4:
RMSE = v MSE 4)
where:
MSE — Z (x —y.)? 5)
= ¢ —Yt)

t=1

X, is the actual value, y, is a predicted value and n is the number of observations.

Due to the large number of obtained results, we present tables with MAE, MAPE, and RMSE values in the Appendix. Full results with
detailed MAE values per each air pollutant of every air station are presented as Table A.17-A.24; results of MAPE are presented in
Table A.25-A.32, and results of RMSE we describe in Table A.33-A.40.

4.5.1. MAE analysis

In Table 6, the mean values of MAE may be observed (based on all air pollutants in each air quality station), both for all the
proposed methods, and state-of-the-art algorithms.

As may be seen, the proposed methods obtain lower MAE values than state-of-the-art algorithms in all cases. In nearly all cases MAE
is less than 0.1, however, in the case of MpZakopaSien and SlCzestoBacz, obtained values are slightly greater. According to the
minimum and maximum values of the concentration of the particular air pollutants, we may find such results satisfactory. State-of-the-
art algorithms achieved much higher MAE values which in all cases exceeded 0.1. The greatest values are observed for LuSulecDudka,
SlCzestoBacz, and ZpKosz — 0.23, 0.34, and 0.23, respectively. Of course the greater the MAE value, the less forecast accuracy. This
confirms that the proposed methods are much more accurate than methods from the literature. Detailed MAE values for each air
pollutant with its minimum and maximum value of concentration in the original data for every air quality monitoring station may be
seen in the Appendix as Table A.17-A.24.

4.5.2. MAPE analysis

The mean values of MAPE, calculated by each air pollutant per station, are presented in Table 7, both for all the proposed methods,
and state-of-the-art algorithms. The lower the MAPE value, the better the algorithm accuracy.

The proposed methods consistently outperform the state-of-the-art methods across all air quality monitoring stations. In general,
the MAPE of the proposed methods does not exceed 16.00 (only MpZakopaSien obtained almost 31.00). The state-of-the-art algorithms
reached much worse results. The biggest differences compared to the proposed methods are observed in the case of MpZakopaSien and
ZpKosz, where the MAPE achieved 74.39 and 72.30, respectively. For all air quality stations, the MAPE exceeded the value of 20.00
except DsWrocWybCon. This significant improvement in prediction accuracy highlights the effectiveness of the proposed methods in
forecasting air quality for different concentrations of air pollutants. The lower MAPE values indicate that the proposed methods
provide more reliable and precise predictions. Detailed MAPE values for each air pollutant from every air quality monitoring station
may be seen in the Appendix as Table A.25-A.32.

4.5.3. RMSE analysis

The mean values of RMSE are shown in Table 8, both for all the proposed methods, and state-of-the-art algorithms. The mean values
are calculated based on every air pollutant from each air quality station.

Similarly as in the previous cases, the proposed methods obtained lower values of RMSE than methods from the literature for all air
quality stations. The values hesitate for about 0.1, however, MpZakopaSien and SlCzestoBacz obtained greater values, 0.17, and 0.31,
respectively. On the other hand, state-of-the-art algorithms reached greater RMSE values, which in general exceed 0.2; the highest
value (0.5) is observed for SlCzestoBacz. This also confirms that the proposed methods generate more accurate forecasts than existing

Table 6
Mean MAE values for the proposed and state-of-the-art methods from all the air quality
monitoring stations.

proposed state-of-the-art
DsJelGorOgin 0.07 0.11
DsWrocWybCon 0.80 0.11
LuGorzKosGdy 0.10 0.16
LuSulecDudka 0.80 0.23
MpZakopaSien 0.11 0.16
PmGdaLeczkow 0.09 0.15
SlCzestoBacz 0.18 0.34
ZpKosz 0.08 0.23
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Table 7
Mean MAPE values for the proposed and state-of-the-art methods from all the air quality
monitoring stations.

proposed state-of-the-art
DsJelGorOgin 10.78 24.85
DsWrocWybCon 9.33 13.85
LuGorzKosGdy 15.71 26.21
LuSulecDudka 9.04 26.43
MpZakopaSien 30.95 74.39
PmGdaLeczkow 9.97 31.95
SlCzestoBacz 14.96 28.83
ZpKosz 11.53 72.30

algorithms. Detailed RMSE values for each air pollutant from every air quality monitoring station may be seen in the Appendix as
Table A.33-A.40.

Let us graphically summarize the obtained results. The mean MAE error measure for the proposed methods is equal to 0.09, while
state-of-the-art algorithms reached 0.28. The MAPE measure obtained 0.12, and 0.33 for the proposed and methods from the literature,
respectively. Finally, the RMSE error measure achieved 0.1 for our methods and 0.31 for other algorithms. The summary is presented
in Fig. 8.

4.6. Summary

In this subsection, we have described an extensive experimental evaluation of the proposed methods. Analysis included the sta-
tistical hypotheses verification, and also error measures analysis. The results of the hypotheses verification conducted by Kruskal-
Wallis ANOVA with post-hoc analysis clearly confirmed the high accuracy of forecasts generated by the proposed methods,
compared to the original data. It also showed that algorithms from the literature are less accurate.

Analysis of error measures, including the mean absolute error (MAE), mean absolute percentage error (MAPE), and root mean
square error (RMSE) also confirmed the usefulness of the proposed methods. In all cases obtained error values are smaller, compared
with state-of-the-art algorithms. This also confirms the reliability of the proposed methods.

The presented analysis clearly indicates that the proposed methods may be successfully used in the case, where there is a need to
estimate a concentration due to the unavailability of the original data. Such analysis may be useful to estimate the data in case it is not
available, for example, due to technical issues in the air monitoring station. Predicting air pollutant concentrations is a key tool in air
quality management, education, and public health protection.

5. Conclusion

In this paper, we have dealt with forecasting the concentration of air pollutants. We have proposed four deep learning-based
methods for forecasting, which included temporal convolutional network (TCN), Kolmogorov-Arnold Network (KAN), fully con-
volutional network (FCN), and gated recurrent unit (GRU). We have generated predictions for eight air pollutants, from eight cities
during a heating season in Poland. Each of the methods was used on three different configurations. Extensive experimental evaluation,
combining statistical hypotheses verification and error measures for more than 740 forecast models confirmed high prediction ac-
curacy. Moreover, experiments revealed the advantage of the proposed methods over several state-of-the-art algorithms from the
literature.

In future work, we are interested in developing another method for predicting the concentration of air pollutants. In particular,
methods for long-term forecasting should be discussed. Another aspect concerns the analysis of particulate matter PM;( and its in-
gredients, which is still a huge problem in Poland. Additionally, we plan to incorporate meteorological data into our models, as it plays
a crucial role in accurately forecasting air quality. We also aim to explore how different meteorological factors, such as temperature,
humidity, and wind speed, influence the dispersion of pollutants during summer and winter seasons. This will allow us to enhance the

Table 8
Mean RMSE values for the proposed and state-of-the-art methods from all the air quality
monitoring stations.

proposed state-of-the-art
DsJelGorOgin 0.10 0.24
DsWrocWybCon 0.13 0.20
LuGorzKosGdy 0.13 0.19
LuSulecDudka 0.11 0.27
MpZakopaSien 0.17 0.23
PmGdaLeczkow 0.13 0.21
SlCzestoBacz 0.31 0.50
ZpKosz 0.11 0.33
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Fig. 8. Mean error values for the proposed and state-of-the-art algorithms.
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robustness of our forecasting approach under varying weather conditions and improve prediction accuracy over longer periods.
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Appendix A. Appendix

A.1. Normality tests

Table A.9

Normality tests for all air pollutants in DsJelGorOgin air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KANS5 KAN7 FCN3 FCN5 FCN7 GRU3 GRU5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

C¢Hs h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

p 0,00 0,00 000 0,00 000 0,00 000 000 000 000 0,00 000 0,00 0,00 0,00 0,00 0,00

S 0,62 063 061 063 062 062 062 062 059 062 0,62 060 0,62 073 0,57 0,61 0,64
CO h1 0 0 0 0 0 0 1 0 1 1 0 0 0 0 0 1

p 0,04 0,14 037 020 o010 056 0,11 0,02 010 0,05 004 060 0,08 0,94 0,34 0,20 0,00

S 0,91 094 09 094 093 097 093 09 093 092 091 097 093 0,98 0,95 0,94 0,80
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1

p 0,00 0,00 0,00 0,00 0,00 0,00 000 000 0,00 000 000 000 000 0,01 0,04 0,06 0,00

S 0,64 0,61 066 062 063 063 063 064 066 064 064 066 063 0,88 0,91 0,92 0,59
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1

p 0,01 0,00 0,00 0,01 0,00 0,00 0,00 000 000 000 000 000 001 0,03 0,13 0,29 0,00

S 0,87 0,81 084 08 084 084 08 08 081 087 08 084 087 0,90 0,94 0,95 0,80
NOy h 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1 1

p 0,00 0,00 000 0,00 000 0,00 000 000 000 000 0,00 000 0,00 005 0,20 0,02 0,02

S 0,78 08 085 083 078 078 078 078 080 0,78 0,78 078 0,77 0,92 0,94 0,90 0,89
O3 h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1

p 0,00 0,00 000 0,02 000 0,00 000 000 000 000 0,00 000 0,00 002 0,65 0,03 0,00

S 0,80 0,85 084 09 079 070 079 080 077 0,8 0,82 080 0,81 0,90 0,97 0,91 0,71
PMjy h 0 0 1 0 1 1 1 1 1 1 1 1 1 0 0 0 1

p 0,06 0,06 003 033 003 001 0,03 000 000 000 000 000 000 0,35 0,07 0,16 0,00

S 0,92 092 091 09 091 08 091 087 08 087 087 087 085 0,96 0,92 0,94 0,74
SO, h O 0 0 0 1 1 1 1 1 1 1 0 0 1 0 0 1

p 0,29 0,38 069 056 0,01 001 000 000 002 000 000 026 0,12 0,01 0,26 0,11 0,00

S 0,95 09 097 097 087 089 08 082 09 081 083 095 093 0,87 0,95 0,93 0,81
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Table A.10
Normality tests for all air pollutants in DsWrocWybCon air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KAN5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

CeHe h 1 1 1 1 1 1 0 1 0 1 0 1 1 0 0 0 1
p 0,03 0,00 0,02 0,00 0,01 0,05 0,11 0,04 0,68 0,03 0,12 0,03 0,03 0,31 0,22 0,36 0,00
S 0,90 0,86 0,90 0,87 0,88 0,92 0,94 0,91 0,97 0,91 0,93 0,91 0,91 0,95 0,95 0,96 0,80
cO h 1 0 1 0 1 1 1 0 1 0 0 0 0 0 1 1 1
p 0,02 0,31 0,01 0,46 0,01 0,00 0,01 0,10 0,01 0,10 0,07 0,06 0,10 0,06 0,00 0,04 0,00
S 0,89 0,96 0,88 0,96 0,88 0,86 0,89 0,93 0,88 0,93 0,92 0,92 0,93 0,92 0,86 0,91 0,81
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,01 0,01 0,00 000 001 000 001 001 000 001 00l 000 001 002 0,01 0,00 0,00
S 0,89 08 08 082 08 08 087 08 08 08 08 084 08 0,90 0,89 0,86 0,73
NO, h O 0 1 1 0 0 0 0 0 0 0 1 0 1 0 0 1
p 0,26 0,06 0,01 0,01 0,25 0,05 0,15 0,19 0,06 0,19 0,24 0,04 0,24 0,01 0,48 0,37 0,01
S 0,95 0,92 0,86 0,86 0,95 0,92 0,94 0,94 092 094 0,95 0,91 0,95 0,89 0,96 0,96 0,87
NOy h O 1 1 0 0 0 0 0 1 0 0 1 1 1 0 0 1
p 035 0,02 0,05 0,18 0,09 0,08 0,13 0,10 0,02 0,09 0,09 0,02 0,01 0,03 0,05 0,22 0,01
S 0,95 0,90 0,92 0,94 0,93 0,93 0,94 0,93 090 0,93 0,93 0,89 0,89 0,90 0,92 0,95 0,88
O3 h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
PMp h 1 0 0 0 1 1 1 1 1 1 1 1 1 0 1 0 1
p 0,01 0,09 0,11 0,06 0,01 0,00 0,01 0,01 0,00 0,02 0,00 0,00 0,02 0,07 0,01 0,28 0,01
S 0,89 0,93 0,93 0,92 0,89 0,87 0,88 0,88 0,84 0,90 0,87 0,82 0,90 0,92 0,88 0,95 0,89
SO, h 1 0 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
p 0,00 08 08 076 032 011 039 023 006 0,00 000 007 000 015 0,49 0,00 0,07
S 0,80 0,98 0,98 0,97 0,96 0,93 0,96 0,95 0,92 0,27 0,77 0,92 0,81 0,94 0,96 0,85 0,92
Table A.11

Normality tests for all air pollutants in LuGorzKosGdy air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KAN5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

Ce¢Hg h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1
p 0,01 0,00 0,00 0,00 0,00 0,01 0,00 0,01 0,01 0,01 0,03 0,00 0,00 0,01 0,08 0,01 0,00
S 0,87 0,84 0,84 0,79 0,86 0,88 0,86 0,88 0,88 0,88 0,91 0,85 0,86 0,88 0,93 0,88 0,79
CO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 000 0,00 000 000 000 000 0,00 000 0,00 0,00 0,00 0,00 0,00
S 0,58 059 059 059 059 059 059 059 058 059 059 059 0,559 0,60 0,58 0,58 0,59
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1
p 0,00 0,00 000 0,00 0,00 0,00 000 000 000 000 0,00 000 0,00 0,09 0,19 0,40 0,00
S 0,83 078 084 083 083 08 08 083 083 08 08 083 08 0093 0,94 0,96 0,82
NO, h 0 0 0 0 1 1 1 1 1 1 1 1 1 0 1 0 0
p 047 0,51 0,44 0,74 0,01 0,00 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,05 0,02 0,30 0,19
S 0,96 0,96 0,96 0,97 0,87 0,85 0,87 0,75 0,67 0,72 0,19 0,85 0,18 0,92 0,90 0,95 0,94
NOy h 0O 1 1 1 1 1 1 1 1 1 1 1 1 0 1 0 1
p 0,09 0,00 0,00 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,60 0,04 0,27 0,00
S 0,93 0,82 0,86 0,88 0,78 0,77 0,81 0,18 0,00 0,18 0,18 0,04 0,18 0,97 0,91 0,95 0,81
O3 h 0 0 0 0 1 1 1 0 1 0 1 1 1 0 0 0 0
p 0,37 0,97 0,45 0,34 0,03 0,01 0,01 0,10 0,00 0,07 0,05 0,01 0,05 0,10 0,06 0,36 0,65
S 0,96 0,99 09 09 091 0,8 087 093 085 092 092 086 092 0093 0,92 0,96 0,97
PMp h 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1
p 0,00 0,00 000 0,00 000 0,00 000 000 000 000 0,00 000 0,00 035 0,00 0,00 0,00
S 0,68 071 078 0775 068 065 069 070 065 0,69 0,69 070 0,69 0,96 0,75 0,68 0,63
SO, h 0 1 0 0 1 1 1 1 1 1 1 1 1 0 0 0 1
p 0,97 0,03 012 0,37 0,00 0,02 000 000 000 0,00 0,00 002 0,00 016 0,38 0,07 0,00
S 0,99 091 093 09 077 09 078 082 087 076 0,76 089 0,75 0,94 0,96 0,92 0,84
Table A.12

Normality tests for all air pollutants in LuSulecDudka air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KANS5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

cCO ho 0 0 0 1 1 1 0 0 1 1 0 1 1 0 0 1
p 039 045 0,12 022 001 000 001 007 032 003 00l 031 001 0,00 0,44 0,76 0,00
S 096 09 093 095 087 085 088 092 09 091 089 095 088 0,70 0,96 0,97 0,81
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 001 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
s 08 08 083 087 084 084 084 084 084 084 08 084 085 0,57 0,51 0,74 0,78
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

(continued on next page)
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Table A.12 (continued)

original TCN3 TCN5 TCN7 KAN3 KANS5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

p 0,00 0,00 0,00 000 000 0,00 000 000 000 000 000 000 0,00 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
O3 h o 0 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1
p 0,08 0,73 0,84 0,02 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,12 0,00
S 0,93 0,97 0,98 0,90 0,18 0,79 0,19 0,18 0,02 0,18 0,18 0,02 0,18 0,84 0,18 0,93 0,78
PMp h 0 1 0 0 1 0 1 1 1 1 1 1 1 0 0 0 0
p 021 0,02 0,22 0,67 0,00 0,05 0,01 0,00 0,04 0,00 0,00 0,00 0,00 0,50 0,26 0,38 0,18
S 0,94 0,89 0,95 0,97 0,84 0,92 0,88 0,22 0,91 0,19 0,18 0,51 0,18 0,96 0,95 0,96 0,94
SO, h 0 0 1 0 0 0 0 0 0 0 0 0 0 1 1 0 1
p 0,46 0,33 0,04 0,09 0,10 0,48 0,17 0,14 0,59 0,31 0,24 0,53 0,18 0,02 0,00 0,19 0,00
S 0,96 0,96 0,91 0,93 0,93 0,96 0,94 0,94 0,97 096 0,95 0,96 0,94 0,90 0,18 0,94 0,84
Table A.13

Normality tests for all air pollutants in MpZakopaSien air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KANS5 KAN7 FCN3 FCN5 FCN7 GRU3 GRU5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

CcO h 1 0 1 1 1 1 1 1 1 1 1 1 1 0 1 0 1
p 0,01 0,08 0,02 0,03 0,00 0,02 0,00 0,01 0,01 0,01 0,01 0,02 0,01 0,12 0,02 0,12 0,00
S 0,88 0,93 0,90 0,91 0,87 0,90 0,87 0,88 0,89 0,88 0,88 0,89 0,88 0,93 0,90 0,94 0,80
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 0,80 0,96 0,98 0,90 0,84 0,84 0,83 0,81 0,82 0,84 0,80 0,84 0,81 0,94 0,92 0,67 1,00
NO, h 0 1 1 0 1 1 1 1 1 1 1 1 1 0 0 0 1
p 0,08 0,02 0,04 0,28 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,19 0,14 0,39 0,00
S 0,93 0,90 0,91 0,95 0,82 0,80 0,80 0,80 0,74 0,79 0,19 0,04 0,18 0,94 0,94 0,96 0,76
NOy h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 000 0,00 0,00 000 000 000 0,00 0,00 000 0,00 000 000 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 0,96 0,92 1,00
O3 h 1 0 0 1 1 1 1 1 1 1 1 1 1 0 0 0 1
p 0,01 0,14 0,34 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,09 0,13 0,15 0,00
S 0,87 0,94 0,95 0,87 0,83 0,84 0,84 0,80 0,73 0,81 0,73 0,70 0,80 0,93 0,93 0,94 0,76
PM;, h 1 1 1 1 0 1 0 1 1 1 1 1 1 0 1 1 1
p 0,00 0,00 0,00 0,01 0,05 0,03 0,09 0,03 0,00 0,02 0,01 0,00 0,01 0,12 0,00 0,03 0,00
S 0,81 0,84 0,78 0,87 0,92 0,90 0,93 0,91 0,87 0,90 0,89 0,84 0,87 0,94 0,82 0,91 0,80
SO, h 1 1 0 0 1 0 1 1 0 1 1 0 1 0 0 0 1
p 0,04 0,00 0,32 0,10 0,05 0,08 0,04 0,04 0,09 0,04 0,04 0,08 0,04 0,24 0,41 0,07 0,04
S 091 0,76 0,96 0,93 0,92 0,93 0,91 0,91 0,93 0,91 0,91 0,93 0,91 0,95 0,96 0,92 0,91
Table A.14

Normality tests for all air pollutants in PmGdaLeczkow air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KANS5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

CeHg h 1 0 1 1 0 1 0 1 1 1 1 1 1 0 0 1 0
p 002 0,12 0,00 004 007 002 006 002 002 002 002 003 002 0,14 0,81 0,00 0,13
S 090 094 085 091 092 08 092 09 08 090 090 091 090 0,94 0,98 0,86 0,94
CO ho 0 0 0 1 1 1 0 0 0 0 0 1 1 0 1 0
p 005 030 062 023 000 000 000 008 024 013 0712 007 000 0,01 0,37 0,02 0,06
S 092 09 097 095 062 070 070 093 095 094 094 093 062 0,88 0,96 0,90 0,92
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1
p 000 0,00 000 000 000 000 000 000 000 000 000 000 000 0,02 0,88 0,08 0,00
S 08 08 086 083 08 08 086 08 084 085 085 086 085 0,90 0,98 0,93 0,85
NO, h 1 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1
p 000 009 001 001 001 001 001l 00l 001 001 000 000 000 0,03 0,26 0,00 0,00
S 0,81 093 089 08 08 08 087 08 08 08 08 085 087 091 0,95 0,75 0,62
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 0,00 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 0,96 1,00 1,00
0; h1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
PMj, h 0 0 0 0 1 1 0 1 1 1 1 1 1 0 0 0 1
p 057 084 026 092 001 000 005 003 000 003 000 000 000 023 0,49 0,89 0,00
S 097 098 09 098 08 087 092 091 067 09 079 064 085 0,95 0,96 0,98 0,76
SO, h 0 0 0 1 1 1 1 1 1 1 1 0 0 1 1 1 1
p 017 024 0,18 0,00 003 000 002 002 001 003 002 02 006 0,00 0,00 0,00 0,00
S 094 095 094 085 090 085 09 089 087 091 090 095 092 0,84 0,85 0,74 0,82
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Table A.15
Normality tests for all air pollutants in SlCzestoBacz air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KAN5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

CéHe h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 0,68 0,70 0,66 0,69 0,68 0,68 0,68 0,68 0,68 0,68 0,68 0,68 0,68 0,68 0,75 0,69 0,71
cO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 0,59 0,59 0,57 0,59 0,59 0,61 0,59 0,59 0,59 0,59 0,59 0,59 0,59 0,59 0,59 0,59 0,59
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 000 000 0,00 000 000 000 000 000 000 0,00 0,00 0,00 0,00 0,00
S 0,77 079 080 077 077 081 078 077 078 077 077 079 0,77 0,80 0,75 0,78 0,83
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 1,00 0,96 1,00 0,98 1,00 0,98 1,00 1,00 1,00 1,00 1,00 1,00 1,00 0,96 0,96 0,87 0,89
NOy h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
O3 h 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1
p 0,20 0,77 0,62 1,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
S 0,94 0,97 0,97 0,99 0,19 0,85 0,78 0,18 0,04 0,18 0,18 0,00 0,18 0,80 0,82 0,77 0,68
PMjy h 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 0 1
p 091 0,12 0,09 0,10 0,01 0,03 0,04 0,02 0,01 0,04 0,02 0,01 0,00 0,00 0,04 0,70 0,00
S 0,98 0,93 0,93 0,93 0,88 0,91 0,91 0,90 0,87 0,91 0,90 0,88 0,85 0,80 0,91 0,97 0,85
SO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0
p 0,00 0,00 0,00 001 000 0,00 000 000 000 000 000 000 0,00 0,00 0,01 0,03 0,14
S 0,82 0,74 0,79 0,87 0,77 0,76 0,80 0,80 0,78 0,82 0,82 0,82 0,80 0,68 0,88 0,91 0,94
Table A.16

Normality tests for all air pollutants in ZpKosz air quality monitoring station.

original TCN3 TCN5 TCN7 KAN3 KAN5 KAN7 FCN3 FCN5 FCN7 GRU3 GRUS5 GRU7 exp.sm. exp.(Holt) ARIMA r. forest

CeHs h 0 1 0 0 0 1 0 0 0 0 0 0 0 1 1 1 1
p 010 001 009 007 018 002 016 010 031 012 013 009 024 0,01 0,00 0,01 0,00
S 093 08 093 092 094 090 094 093 09 094 094 093 095 0,87 0,84 0,89 0,83
cCO ho 1 1 1 1 1 1 1 1 1 1 0 1 1 0 0 1
p 057 001 000 000 001 002 000 00l 002 001 00l 018 000 0,03 0,23 0,71 0,00
s 097 08 087 08l 08 08 073 088 09 08 08 094 08 091 0,95 0,97 0,83
NO h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
s 069 075 072 075 072 070 071 073 070 074 075 070 0,75 0,70 0,68 0,64 0,77
NO, h 1 0 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1
p 004 0,13 0,01 002 004 004 0,04 004 003 004 0,04 004 004 0,04 0,37 0,01 0,03
S 0,91 094 087 08 091 091 091 091 09 091 091 091 091 091 0,96 0,87 091
NO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 0,94 1,00 1,00
0; h1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 000 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
PMy h 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
p 043 099 005 059 052 029 041 0,17 014 023 0,33 010 0,30 0,07 0,14 0,01 0,18
S 096 099 092 097 09 095 09 094 094 095 095 093 095 0,93 0,94 0,87 0,94
SO, h 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p 000 000 0,00 000 000 000 000 000 000 000 000 000 000 0,00 0,00 0,00 0,00
S 0,71 081 075 o071 o071 077 o071 071 070 071 071 071 071 0,83 0,75 0,69 0,83

A.2. Error measures — preliminaries
Symbol markings:

e “min” stands for the minimal value of the concentration of the selected air pollutant from the data from GIOS;

e “max” stands for the maximum value of the concentration of the selected air pollutant from the data from GIOS;

e A number next to the name of the proposed method denotes the size of the window (e.g. TCN 3 denotes the TCN with a window of
size 3; FCN 7 denotes the FCN with a window of size 7);

o mean™" stands for a mean obtained for all air pollutants for a selected method (horizontal row);

o mean® denotes the general mean both for the proposed methods and for state-of-the-art methods (in fact it is a mean of mean,
both for the proposed and state-of-the-art methods);
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e exp.sm. denotes exponential smoothing algorithm; exp. (Holt) denotes Holt-Winters exponential smoothing algorithm; ARIMA
stands for autoregressive integrated moving average algorithm; r.forest denotes the random forest algorithm.

This information concerns all the tables presented in Subsec. Appendix A.2.1. Appendix A.2.2. and Appendix A.2.3.

A.2.1. Full MAE results

Table A.17

MAE values for DsJelGorOgin air quality monitoring station.

1) )

CeHe CO NO NO, NOy (02 PM;q SO, mean mean
min 0.30 0.25 0.00 5.50 6.33 10.87 9.43 3.17 - -
max 2.86 0.63 9.59 24.85 30.51 54.82 46.26 8.73 - -
TCN 3 0.21 0.07 0.29 1.87 2.67 3.38 4.17 0.78 1.68 0.07
TCN 5 0.21 0.07 0.63 1.92 3.09 4.44 5.97 0.83 2.14
TCN 7 0.20 0.06 0.46 1.82 3.13 5.59 4.89 0.86 2.13
KAN 3 0.00 0.03 0.05 0.31 0.24 1.83 1.55 0.63 0.58
KAN 5 0.07 0.06 0.13 0.97 2.34 3.96 4.23 0.70 1.56
KAN 7 0.00 0.03 0.04 0.17 0.26 2.15 1.55 0.65 0.61
FCN 3 0.00 0.02 0.00 0.20 0.16 2.38 2.88 0.58 0.78
FCN 5 0.02 0.06 0.08 0.98 1.08 3.93 3.43 0.60 1.27
FCN 7 0.00 0.02 0.02 0.06 0.20 2.32 2.83 0.58 0.75
GRU 3 0.00 0.03 0.02 0.41 0.23 2.80 2.74 0.50 0.84
GRU 5 0.03 0.06 0.09 0.62 1.21 3.24 3.02 0.27 1.07
GRU 7 0.00 0.03 0.04 0.06 0.41 291 3.11 0.17 0.84
exp. sm. 0.45 0.08 1.54 3.22 5.26 7.84 7.41 0.77 3.32 0.11
exp. (Holt) 0.24 0.04 0.96 2.33 2.73 3.80 3.42 0.57 1.76
ARIMA 0.14 0.03 0.48 1.45 1.92 2.65 2.16 0.39 1.15
r. forest 0.19 0.04 0.34 1.34 2.00 2.46 4.37 0.48 1.40

Table A.18
MAE values for DsWrocWybCon air quality monitoring station.

CsHs co NO NO, NO 03 PMio SO, mean" mean®
min 0.28 0.22 0.33 6.47 7.64 21.40 9.97 4.56 - -
max 0.98 0.48 3.58 27.80 31.39 58.36 25.32 7.85 - -
TCN 3 0.07 0.04 0.32 2.76 3.93 3.93 3.05 0.62 1.84 0.08
TCN 5 0.07 0.03 0.31 2.80 4.30 4.30 3.32 0.60 1.97
TCN 7 0.09 0.04 0.33 3.09 3.83 3.83 3.19 0.68 1.88
KAN 3 0.09 0.02 0.03 0.68 0.80 0.80 0.04 0.31 0.35
KAN 5 0.11 0.03 0.16 1.83 1.93 1.93 1.74 0.30 1.00
KAN 7 0.04 0.02 0.02 0.92 0.53 0.53 1.40 0.31 0.47
FCN 3 0.02 0.02 0.00 0.48 0.47 0.47 0.58 0.30 0.29
FCN 5 0.08 0.03 0.06 1.54 1.60 1.60 1.66 0.31 0.86
FCN 7 0.01 0.02 0.00 0.48 0.52 0.52 0.46 0.40 0.30
GRU 3 0.03 0.02 0.01 0.31 0.53 0.53 1.00 0.36 0.35
GRU 5 0.01 0.02 0.05 0.94 1.56 1.56 1.44 0.30 0.74
GRU 7 0.01 0.02 0.00 0.35 1.04 1.04 1.74 0.27 0.56
exp. sm. 0.13 0.05 0.46 3.88 4.55 4.95 3.12 0.34 2.18 0.11
exp. (Holt) 0.09 0.02 0.28 2.92 3.17 3.95 1.84 0.31 1.57
ARIMA 0.04 0.02 0.20 1.76 1.88 3.13 1.53 0.10 1.08
r. forest 0.06 0.01 0.20 2.60 2.11 3.16 1.16 0.16 1.18

Table A.19
MAE values for LuGorzKosGdy air quality monitoring station.

CeHe CO NO NO, NOy O3 PM;o SO, mean‘? mean®
min 0.01 0.20 0.51 14.50 20.65 1.89 7.84 4.20 - -
max 0.26 0.60 17.33 48.85 69.75 45.00 37.09 8.44 - -
TCN 3 0.02 0.03 1.27 4.96 8.18 4.68 1.85 0.94 2.74 0.10
TCN 5 0.02 0.04 2.31 8.03 9.42 4.98 2.17 0.85 3.48
TCN 7 0.03 0.03 1.15 5.22 7.03 6.22 2.27 0.70 2.83
KAN 3 0.02 0.02 0.00 5.09 6.58 1.95 0.63 0.49 1.85
KAN 5 0.03 0.03 0.18 4.41 7.05 2.86 1.07 0.60 2.03
KAN 7 0.03 0.03 0.06 5.04 6.32 2.56 0.44 0.49 1.87
FCN 3 0.03 0.02 0.00 3.75 8.31 1.72 0.48 0.54 1.85
FCN 5 0.03 0.03 0.05 5.50 9.06 2.68 1.22 0.57 2.39
FCN 7 0.03 0.02 0.00 3.67 8.31 1.61 0.53 0.48 1.83
GRU 3 0.01 0.01 0.00 7.62 8.31 1.47 0.39 0.70 2.31

20

(continued on next page)



J. Bernacki

Table A.19 (continued)

Urban Climate 59 (2025) 102262

[€D) (2)

CeHe Cco NO NO, NOy O3 PM;o SO, mean mean
GRU 5 0.02 0.03 0.00 7.52 9.07 2.50 0.41 0.57 2.51
GRU 7 0.03 0.02 0.00 7.63 8.30 1.51 0.40 0.47 2.29
exp. sm. 0.03 0.06 5.58 9.50 10.40 10.15 12.19 1.32 6.15 0.16
exp. (Holt) 0.02 0.03 5.60 10.21 9.37 2.88 1.96 0.50 3.82
ARIMA 0.01 0.01 1.89 10.54 4.73 0.96 0.97 0.41 2.44
r. forest 0.02 0.03 1.47 3.64 5.65 14.08 1.38 0.37 3.33

Table A.20
MAE values for LuSulecDudka air quality monitoring station.
co NO NO, NO, 03 PMio SO, mean" mean®
min 0.42 3.50 5.95 11.20 22.75 8.67 2.77 - -
max 1.09 19.80 33.66 63.36 30.66 63.24 4.90 - -
TCN 3 0.04 1.35 2.04 3.33 3.04 2.62 0.28 1.81 0.08
TCN 5 0.05 1.39 2.74 3.95 3.82 2.58 0.36 2.13
TCN 7 0.04 0.99 2.28 2.93 3.70 2.72 0.36 1.86
KAN 3 0.03 0.13 0.25 2.26 1.31 2.43 0.23 0.95
KAN 5 0.04 0.26 0.42 2.40 1.53 2.66 0.26 1.08
KAN 7 0.03 0.14 0.27 2.42 1.31 2.58 0.18 0.99
FCN 3 0.03 0.18 0.48 3.06 1.30 2.82 0.22 1.16
FCN 5 0.03 0.22 0.45 3.42 1.53 2.76 0.26 1.24
FCN 7 0.03 0.20 0.41 2.79 1.30 2.83 0.17 1.10
GRU 3 0.02 0.10 0.29 2.50 1.31 2.83 0.17 1.03
GRU 5 0.03 0.17 0.28 2.77 1.53 2.89 0.26 1.13
GRU 7 0.03 0.06 0.29 2.92 1.31 2.83 0.23 1.10
exp. sm. 0.31 9.65 4.03 33.59 1.02 23.14 0.31 10.29 0.23
exp. (Holt) 0.03 8.57 15.80 1.16 4.83 3.97 1.09 5.06
ARIMA 0.02 6.68 1.04 1.93 0.21 1.84 0.77 1.79
r. forest 0.02 6.06 1.16 2.10 0.64 2.18 0.24 1.77
Table A.21
MAE values for MpZakopaSien air quality monitoring station.
co NO NO, NOy 0; PMy, SO, mean® mean®
min 0.24 0.85 6.32 7.70 1.83 5.26 0.51 - -
max 1.66 124.44 58.62 248.70 62.12 102.34 14.86 - -
TCN 3 0.14 15.52 8.68 28.61 6.30 11.64 1.99 10.41 0.11
TCN 5 0.17 16.46 10.32 35.16 6.88 13.64 1.67 12.04
TCN 7 0.19 12.37 11.17 25.08 7.86 12.11 1.87 10.09
KAN 3 0.02 13.41 7.10 44.03 1.53 9.82 0.37 10.90
KAN 5 0.11 13.61 7.98 48.86 4.90 11.03 0.67 12.45
KAN 7 0.02 13.30 7.28 42.99 1.79 9.98 0.16 10.79
FCN 3 0.00 12.97 10.51 57.19 1.82 8.16 0.01 12.95
FCN 5 0.05 12.03 9.12 58.03 4.35 9.89 0.29 13.39
FCN 7 0.00 13.24 8.14 43.81 1.86 8.19 0.01 10.75
GRU 3 0.03 12.94 13.63 57.28 3.82 8.36 0.01 13.72
GRU 5 0.09 15.74 13.88 58.26 4.15 9.67 0.44 14.60
GRU 7 0.00 12.81 13.63 57.25 3.86 9.14 0.03 13.82
exp. sm. 0.45 20.94 14.41 48.03 12.29 16.26 2.03 16.35 0.16
exp. (Holt) 0.14 35.62 6.91 29.77 7.04 8.71 1.77 12.85
ARIMA 0.46 8.26 12.45 15.77 6.96 7.81 0.95 7.52
r. forest 0.22 14.12 4.58 44.18 9.78 5.80 6.54 12.17
Table A.22
MAE values for PmGdaLeczkow air quality monitoring station.

CsHs co NO NO, NO 03 PMi SO, mean” mean®
min 0.23 0.42 0.48 3.97 4.79 20.93 4.02 2.16 - -
max 1.24 0.56 2.93 25.81 30.30 66.57 15.45 5.22 - -
TCN 3 0.08 0.03 0.23 1.81 2.50 6.42 2.28 0.34 1.71 0.09
TCN 5 0.08 0.03 0.16 2.84 3.25 9.79 2.22 0.54 2.36
TCN 7 0.10 0.04 0.17 2.45 2.66 6.91 2.12 0.33 1.85
KAN 3 0.06 0.03 0.04 0.37 0.64 7.43 1.74 0.25 1.32
KAN 5 0.06 0.03 0.08 1.40 1.72 7.75 1.81 0.26 1.64
KAN 7 0.06 0.03 0.01 0.60 0.74 7.42 1.65 0.24 1.34
FCN 3 0.00 0.02 0.00 0.35 0.50 7.51 0.27 0.17 1.10
FCN 5 0.06 0.02 0.05 0.43 0.60 7.88 1.45 0.26 1.34
FCN 7 0.00 0.02 0.00 0.24 0.50 7.57 0.34 0.23 1.11
GRU 3 0.00 0.02 0.01 0.18 0.24 7.48 1.32 0.22 1.18

21

(continued on next page)



J. Bernacki

Table A.22 (continued)

Urban Climate 59 (2025) 102262

CsHg co NO NO, NO, 03 PMio SO, mean") mean®
GRU 5 0.04 0.02 0.02 0.14 0.67 7.80 1.76 0.19 1.33
GRU 7 0.00 0.03 0.01 0.57 0.24 7.46 0.67 0.12 1.14
exp. sm. 0.15 0.02 0.30 3.51 4.12 9.99 1.80 0.74 2.58 0.15
exp. (Holt) 0.13 0.01 0.30 3.90 3.73 10.04 1.45 0.69 2.53
ARIMA 0.09 0.01 0.19 2.59 3.59 11.55 0.89 0.56 2.43
r. forest 0.13 0.01 0.20 2.85 3.72 9.76 1.32 0.68 2.33

Table A.23
MAE values for SlCzestoBacz air quality monitoring station.

CsHs co NO NO, NO4 03 PMig SO, mean V) mean®
min 0.37 0.21 0.72 4.39 5.49 25.00 7.74 2.57 - -
max 2.38 0.42 1.99 17.56 19.44 53.58 26.66 19.64 - -
TCN 3 0.12 0.02 0.20 13.79 1.64 5.02 3.35 1.69 3.23 0.18
TCN 5 0.11 0.03 0.18 14.98 1.48 6.21 3.56 2.38 3.62
TCN 7 0.09 0.03 0.23 16.27 1.51 5.55 4.44 1.99 3.77
KAN 3 0.00 0.02 0.07 14.46 0.32 5.48 2.19 0.52 2.88
KAN 5 0.06 0.03 0.18 17.10 0.89 5.39 2.15 1.04 3.35
KAN 7 0.01 0.02 0.02 12.25 0.42 5.19 1.88 0.40 2.52
FCN 3 0.00 0.02 0.01 4.65 0.21 5.62 1.14 0.30 1.49
FCN 5 0.04 0.02 0.10 15.71 0.71 5.67 1.75 0.61 3.08
FCN 7 0.01 0.02 0.03 10.46 0.17 5.59 0.96 0.10 2.17
GRU 3 0.01 0.01 0.00 3.63 0.22 5.57 1.06 0.04 1.32
GRU 5 0.01 0.02 0.06 12.77 0.18 5.64 1.71 0.09 2.56
GRU 7 0.00 0.02 0.00 2.08 0.13 5.59 3.56 0.39 1.47
exp. sm. 0.42 0.03 0.19 11.56 3.47 11.55 5.53 4.01 4.59 0.34
exp. (Holt) 0.64 0.02 0.19 16.90 4.00 8.95 5.90 1.71 4.79
ARIMA 0.31 0.02 0.05 17.52 3.32 8.68 4.50 0.80 4.40
r. forest 0.50 0.01 0.13 18.58 3.95 8.92 5.34 5.75 5.40

Table A.24
MAE values for ZpKosz air quality monitoring station.

CeHe co NO NO, NOy 0; PMyo SO, mean® mean®
min 0.38 0.06 0.45 3.03 4.19 30.63 5.19 0.18 - -
max 1.50 0.16 13.39 19.92 38.06 74.27 14.58 7.77 - -
TCN 3 0.11 0.01 0.71 1.61 3.83 5.97 2.38 0.75 1.92 0.08
TCN 5 0.12 0.02 0.82 2.13 4.03 7.29 2.11 0.77 2.16
TCN 7 0.10 0.02 0.91 2.03 4.21 4.78 1.69 0.81 1.82
KAN 3 0.06 0.02 0.12 0.12 1.15 6.82 1.15 0.03 1.18
KAN 5 0.08 0.02 0.17 0.66 1.82 6.96 0.89 0.45 1.38
KAN 7 0.06 0.02 0.08 0.08 0.75 6.78 0.38 0.01 1.02
FCN 3 0.04 0.01 0.07 0.11 0.77 6.95 0.67 0.01 1.08
FCN 5 0.07 0.02 0.06 0.36 1.81 7.11 0.95 0.06 1.31
FCN 7 0.01 0.02 0.07 0.09 0.79 6.92 0.14 0.01 1.01
GRU 3 0.01 0.02 0.08 0.05 1.18 6.92 0.64 0.11 1.12
GRU 5 0.07 0.02 0.08 0.11 1.69 7.06 0.36 0.02 1.18
GRU 7 0.05 0.01 0.11 0.04 1.16 6.92 0.12 0.02 1.05
exp. sm. 0.32 0.02 2.08 2.94 8.27 9.91 4.20 2.64 3.80 0.23
exp. (Holt) 0.35 0.02 1.95 3.20 8.46 9.75 2.78 1.57 3.51
ARIMA 0.24 0.01 1.80 2.11 7.12 8.65 3.86 1.76 3.19
r. forest 0.36 0.02 1.87 2.95 7.48 7.64 2.99 2.08 3.17

A.2.2. Full MAPE results
Table A.25
MAPE values for DsJelGorOgin air quality monitoring station.

CsHs co NO NO, NO, 03 PMio SO, meanV mean®
min 0.30 0.25 0.00 5.50 6.33 10.87 9.43 3.17 - -
max 2.86 0.63 9.59 24.85 30.51 54.82 46.26 8.73 - -
TCN 3 19.75 19.79 30.24 21.75 22.09 15.71 17.32 13.35 20.00 10.78
TCN 5 23.64 14.94 39.78 18.72 24.59 18.58 24.60 15.48 22.54
TCN 7 21.91 14.46 31.13 17.66 28.11 21.62 21.82 14.41 21.39
KAN 3 0.37 7.69 12.02 3.55 1.45 5.74 5.05 9.89 5.72
KAN 5 7.71 12.42 22.96 9.42 15.55 17.36 15.53 11.27 14.03
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Table A.25 (continued)

Urban Climate 59 (2025) 102262

[€9) (2)

CeHg CcO NO NO, NOy (02 PM;o SO, mean mean
KAN 7 0.00 7.67 9.91 2.01 1.91 7.58 5.49 10.20 5.60
FCN 3 0.17 5.49 6.23 1.66 0.64 6.38 8.94 9.20 4.64
FCN 5 3.42 14.44 17.50 8.41 6.38 14.85 12.04 9.66 10.84
FCN 7 0.55 5.48 6.49 0.43 0.74 6.26 8.73 9.16 4.73
GRU 3 0.01 6.96 7.43 2.42 1.12 7.86 8.29 7.66 5.22
GRU 5 4.73 12.60 19.81 4.31 5.62 10.82 9.80 4.88 9.07
GRU 7 0.00 8.00 8.66 0.34 1.49 8.38 9.66 2.86 4.93
exp. sm. 42.97 19.08 70.29 28.05 35.74 29.74 30.79 13.93 33.82 24.85
exp. (Holt) 37.00 8.67 113.94 26.07 27.43 20.85 16.08 9.96 32.50
ARIMA 22.56 8.19 57.18 15.84 17.92 24.61 16.70 6.59 16.06
r. forest 16.83 9.48 34.53 13.52 15.60 11.09 19.42 7.90 16.05

Table A.26
MAPE values for DsWrocWybCon air quality monitoring station.

CsHs co NO NO, NO, 03 PMio SO, mean V) mean®
min 0.28 0.22 0.33 6.47 7.64 21.40 9.97 4.56 - -
max 0.98 0.48 3.58 27.80 31.39 58.36 25.32 7.85 - -
TCN 3 11.94 13.11 23.30 21.42 26.56 26.56 21.11 10.73 19.34 9.33
TCN 5 13.33 9.73 24.40 21.15 32.10 32.10 21.66 11.11 20.70
TCN 7 14.95 11.79 22.99 22.17 27.00 27.00 23.88 12.05 20.23
KAN 3 16.11 7.41 3.57 3.68 4.15 4.15 0.27 5.32 5.58
KAN 5 20.15 8.84 13.21 11.84 10.90 10.90 10.28 5.21 11.42
KAN 7 7.49 7.53 2.85 5.35 2.52 2.52 8.34 5.31 5.24
FCN 3 4.54 7.05 0.15 2.41 2.04 2.04 3.26 5.27 3.35
FCN 5 14.18 7.89 6.56 9.66 8.69 8.69 9.74 5.33 8.84
FCN 7 2.15 7.05 0.26 2.58 2.25 2.25 2.33 7.01 3.24
GRU 3 5.29 6.23 1.00 1.36 2.28 2.28 5.21 6.27 3.74
GRU 5 2.14 7.41 5.63 4.50 7.91 7.91 7.96 5.11 6.07
GRU 7 0.92 6.84 0.26 1.61 4.34 4.34 10.33 4.68 4.17
exp. sm. 24.77 14.20 32.22 26.50 27.30 13.00 18.77 6.13 20.36 13.85
exp. (Holt) 18.13 6.92 25.04 23.57 21.89 11.44 12.30 5.34 15.58
ARIMA 10.71 5.72 12.21 14.49 13.75 9.12 9.41 1.66 9.64
r. forest 11.14 4.49 13.54 17.73 13.22 8.89 6.96 2.67 9.83

Table A.27
MAPE values for LuGorzKosGdy air quality monitoring station.

CeHs CO NO NO; NOy O3 PM;o SO, mean‘? mean®
min 0.01 0.20 0.51 14.50 20.65 1.89 7.84 4.20 - -
max 0.26 0.60 17.33 48.85 69.75 45.00 37.09 8.44 - -
TCN 3 31.15 9.97 35.08 19.20 25.64 21.94 17.71 15.42 22.02 15.71
TCN 5 31.54 13.80 45.94 33.31 24.51 25.79 15.96 13.79 25.58
TCN 7 40.72 10.02 24.22 19.76 20.81 25.07 16.13 11.29 21.00
KAN 3 36.99 7.04 0.17 18.12 19.07 7.48 4.22 7.53 12.58
KAN 5 36.55 10.29 6.49 15.00 19.88 11.31 7.25 9.17 14.49
KAN 7 37.23 8.83 1.12 17.94 18.22 9.65 2.26 7.55 12.85
FCN 3 43.23 8.02 0.01 12.62 23.44 6.92 2.50 8.18 13.11
FCN 5 36.08 10.56 3.00 20.09 25.04 11.04 7.60 8.84 15.28
FCN 7 36.41 7.72 0.00 11.77 23.45 6.36 3.04 7.37 12.01
GRU 3 19.84 3.63 0.00 26.19 23.44 5.47 1.66 10.27 11.31
GRU 5 34.27 10.28 0.05 26.57 24.98 9.43 2.14 8.78 14.56
GRU 7 37.42 7.30 0.00 26.21 23.51 5.90 1.72 7.23 13.66
exp. sm. 44.29 16.07 59.93 41.21 25.11 71.22 49.86 24.93 41.58 26.21
exp. (Holt) 33.61 11.10 60.17 28.05 29.28 34.14 17.53 7.79 27.71
ARIMA 15.36 3.40 53.12 28.17 12.02 8.35 7.55 6.47 16.80
r. forest 25.70 8.94 32.18 12.42 15.14 40.69 9.23 5.79 18.76

Table A.28
MAPE values for LuSulecDudka air quality monitoring station.
co NO NO, NOy 0s PMi SO, mean? mean®
min 0.42 3.50 5.95 11.20 22.75 8.67 2.77 - -
max 1.09 19.80 33.66 63.36 30.66 63.24 4.90 - -
TCN 3 8.32 19.18 15.57 15.29 11.11 18.23 7.80 13.64 9.04
TCN 5 10.38 16.04 15.89 19.94 14.83 19.28 10.16 15.22
TCN 7 8.52 15.19 19.79 12.76 13.47 20.89 11.24 14.55
KAN 3 6.46 1.79 1.69 6.97 5.12 17.48 6.75 6.61
KAN 5 7.16 4.41 3.46 7.50 5.92 19.20 7.49 7.88
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Table A.28 (continued)

Urban Climate 59 (2025) 102262

co NO NO, NO, 03 PMig SO, mean V) mean®
KAN 7 5.19 1.95 1.78 7.94 5.12 18.73 5.29 6.57
FCN 3 5.38 2.69 3.61 9.27 5.11 20.65 6.39 7.58
FCN 5 6.11 3.86 3.61 10.81 5.92 20.22 7.37 8.27
FCN 7 5.12 3.24 3.38 8.36 5.11 20.65 4.88 7.25
GRU 3 4.97 1.54 1.58 7.05 5.11 20.65 4.63 6.51
GRU 5 5.78 3.05 1.68 7.32 5.92 20.82 7.32 7.41
GRU 7 5.34 0.75 1.65 8.76 5.11 20.65 6.67 6.99
exp. sm. 31.60 68.37 22.61 65.57 3.77 59.02 8.35 37.04 26.43
exp. (Holt) 5.82 73.04 80.81 5.63 15.91 41.72 23.42 35.20
ARIMA 3.54 70.38 9.00 8.85 0.85 19.93 17.96 18.64
r. forest 3.42 57.43 8.99 8.57 2.54 16.04 6.95 14.85
Table A.29
MAPE values for MpZakopaSien air quality monitoring station.
co NO NO, NO, 03 PMio SO, mean V) mean®
min 0.24 0.85 6.32 7.70 1.83 5.26 0.51 - -
max 1.66 124.44 58.62 248.70 62.12 102.34 14.86 - -
TCN 3 19.47 67.03 32.03 51.82 38.37 38.11 27.71 39.22 30.95
TCN 5 19.98 73.99 32.14 51.50 39.05 48.35 23.66 41.24
TCN 7 22.58 60.61 40.68 36.38 41.78 38.88 26.04 38.14
KAN 3 2.72 31.73 19.44 74.58 7.06 26.92 4.46 23.84
KAN 5 14.71 39.51 24.03 83.87 31.26 29.13 10.48 33.28
KAN 7 3.65 30.87 20.56 71.54 9.56 26.32 2.28 23.54
FCN 3 0.24 27.87 33.99 101.28 5.35 18.66 0.07 26.78
FCN 5 8.81 35.18 28.74 104.86 18.70 23.96 3.73 32.00
FCN 7 0.52 26.69 24.54 77.73 6.15 18.60 0.13 22.05
GRU 3 4.25 26.53 39.34 100.21 11.97 18.97 0.04 28.76
GRU 5 10.73 36.04 40.65 102.76 14.37 23.50 4.21 33.18
GRU 7 0.12 24.61 39.38 100.57 18.88 21.75 0.43 29.39
exp. sm. 200.83 84.13 69.57 73.55 60.55 68.21 37.96 84.97 74.39
exp. (Holt) 19.92 242.55 22.50 47.47 89.88 33.74 30.54 69.51
ARIMA 181.20 55.34 247.89 78.21 46.13 41.42 14.67 94.98
r. forest 65.78 47.62 14.83 36.94 109.12 18.18 44.28 48.11
Table A.30
MAPE values for PmGdaLeczkow air quality monitoring station.

CeHp co NO NO, NOy O3 PM;o SO mean mean®
min 0.23 0.42 0.48 3.97 4.79 20.93 4.02 2.16 - -
max 1.24 0.56 2.93 25.81 30.30 66.57 15.45 5.22 - -
TCN 3 13.65 7.02 23.26 21.41 22.94 17.40 21.72 12.58 17.50 9.97
TCN 5 15.11 6.94 17.04 29.67 26.85 22.38 21.73 16.15 19.48
TCN 7 20.73 7.83 17.09 26.43 21.75 18.18 20.68 11.51 18.03
KAN 3 11.97 5.75 4.17 2.95 3.90 17.40 15.92 8.28 8.79
KAN 5 11.28 5.46 8.39 12.89 12.60 18.02 16.34 8.66 11.71
KAN 7 12.32 5.47 1.39 3.88 5.06 17.34 15.30 8.11 8.61
FCN 3 0.21 4.18 0.00 2.52 2.89 17.89 2.02 5.91 4.45
FCN 5 11.45 4.28 5.83 3.50 4.25 18.77 12.43 8.59 8.64
FCN 7 0.38 3.87 0.50 1.32 3.11 18.15 2.60 7.64 4.70
GRU 3 0.16 3.68 0.77 1.02 1.10 17.77 11.83 7.33 5.46
GRU 5 6.86 4.26 3.35 0.74 3.06 18.39 16.29 6.54 7.44
GRU 7 0.78 5.58 0.90 3.05 1.12 17.68 5.20 4.21 4.81
exp. sm. 24.55 4.78 26.65 64.75 51.91 27.06 16.22 39.49 31.93 31.95
exp. (Holt) 65.60 2.97 80.82 73.53 71.26 27.79 14.31 42.09 47.30
ARIMA 17.46 2.27 15.65 40.06 41.84 21.06 8.69 28.95 22.00
r. forest 24.12 2.37 15.12 42.35 47.63 27.41 11.99 41.72 26.59

Table A.31
MAPE values for SlCzestoBacz air quality monitoring station.

CeHe co NO NO, NOy 0; PMio SO, mean” mean®
min 0.37 0.21 0.72 4.39 5.49 25.00 7.74 2.57 - -
max 2.38 0.42 1.99 17.56 19.44 53.58 26.66 19.64 - -
TCN 3 15.90 6.62 16.27 16.18 14.58 14.16 19.68 22.11 15.62 14.96
TCN 5 17.84 12.39 16.49 155.81 13.49 16.54 23.46 33.22 36.15
TCN 7 11.14 11.61 22.19 18.94 14.60 14.92 27.50 23.99 17.99
KAN 3 0.13 5.44 6.74 50.01 2.70 13.72 14.17 6.64 12.44
KAN 5 8.12 9.28 16.39 125.28 8.32 13.48 13.92 14.40 26.15
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Table A.31 (continued)

Urban Climate 59 (2025) 102262

CsHs co NO NO, NO, 03 PMio SO, mean” mean®
KAN 7 1.51 5.78 1.89 49.73 3.61 13.15 12.07 4.62 11.54
FCN 3 0.72 5.21 0.55 20.45 1.78 14.30 6.75 3.92 6.71
FCN 5 5.99 5.48 9.43 33.68 6.46 14.29 11.54 9.04 11.99
FCN 7 2.05 5.33 3.31 17.34 1.35 14.18 5.31 1.17 6.26
GRU 3 0.91 4.92 0.38 33.97 1.97 14.09 6.14 0.35 7.84
GRU 5 1.69 5.00 6.11 123.01 1.53 14.15 11.06 1.62 20.52
GRU 7 0.00 5.38 0.09 4.55 0.94 14.18 23.29 5.04 6.68
exp. sm. 38.88 10.60 16.58 26.18 51.19 23.04 26.74 100.45 38.21 28.83
exp. (Holt) 45.07 6.26 17.29 34.55 68.19 17.27 27.06 20.09 28.75
ARIMA 24.05 5.15 4.43 17.99 53.59 16.59 20.08 8.59 18.93
r. forest 38.45 4.46 11.44 31.06 69.53 17.09 25.21 39.95 29.45

Table A.32
MAPE values for ZpKosz air quality monitoring station.

CsHs co NO NO, NO, 03 PMj0 SO, mean mean®
min 0.38 0.06 0.45 3.03 4.19 30.63 5.19 0.18 - -
max 1.50 0.16 13.39 19.92 38.06 74.27 14.58 7.77 - -
TCN 3 18.54 11.97 22.88 20.92 25.48 15.90 25.62 25.55 20.86 11.53
TCN 5 20.74 15.36 27.28 25.39 31.34 18.38 20.11 28.03 23.33
TCN 7 16.91 20.23 32.10 25.21 33.07 11.71 16.90 26.86 22.87
KAN 3 9.31 13.06 8.92 1.83 4.54 16.10 11.23 0.40 8.18
KAN 5 12.72 13.77 10.52 9.67 10.10 16.42 8.87 22.23 13.04
KAN 7 9.40 15.70 8.02 0.75 3.63 15.97 4.19 1.06 7.34
FCN 3 6.55 12.32 6.76 1.35 3.38 16.68 6.01 0.18 6.65
FCN 5 11.14 13.98 6.36 5.18 9.19 17.17 9.60 1.98 9.32
FCN 7 2.35 13.03 6.64 0.86 3.52 16.56 1.24 0.10 5.54
GRU 3 2.18 13.06 7.73 0.31 4.43 16.53 5.68 4.85 6.85
GRU 5 11.19 13.57 7.97 0.80 8.29 16.90 3.40 0.55 7.83
GRU 7 7.77 12.39 10.07 0.25 4.10 16.53 1.27 0.30 6.59
exp. sm. 31.32 13.84 181.02 38.37 123.50 27.90 31.86 216.91 83.09 72.30
exp. (Holt) 28.64 15.42 137.53 75.62 126.37 30.46 42.45 119.14 71.95
ARIMA 22.70 10.50 169.69 37.27 99.10 26.34 25.38 118.05 63.63
r. forest 29.33 13.84 116.74 47.93 113.53 23.14 43.88 175.93 70.54

A.2.3. Full RMSE results
Table A.33
RMSE values for DsJelGorOgin air quality monitoring station.

CsHg co NO NO, NO, 03 PMio SO, mean" mean®
min 0.30 0.25 0.00 5.50 6.33 10.87 9.43 3.17 - -
max 2.86 0.63 9.59 24.85 30.51 54.82 46.26 8.73 - -
TCN 3 0.30 0.09 0.45 2.24 3.33 4.55 6.81 1.01 2.35 0.10
TCN 5 0.29 0.09 0.94 2.39 3.95 6.17 9.43 1.03 3.04
TCN 7 0.29 0.07 0.73 2.44 4.69 7.06 6.69 0.99 2.87
KAN 3 0.01 0.04 0.10 0.44 0.53 3.13 3.29 0.81 1.04
KAN 5 0.10 0.07 0.20 1.43 3.66 4.65 6.08 0.86 2.13
KAN 7 0.00 0.04 0.08 0.24 0.54 3.37 3.08 0.82 1.02
FCN 3 0.00 0.02 0.00 0.38 0.47 4.51 5.58 0.74 1.46
FCN 5 0.03 0.08 0.17 1.74 1.84 5.33 5.70 0.73 1.95
FCN 7 0.01 0.02 0.03 0.17 0.59 4.35 5.54 0.75 1.43
GRU 3 0.00 0.04 0.05 1.20 0.56 5.16 5.48 0.68 1.65
GRU 5 0.05 0.08 0.19 1.38 2.97 5.37 5.66 0.38 2.01
GRU 7 0.00 0.04 0.09 0.20 1.06 5.33 5.71 0.25 1.59
exp. sm. 0.54 0.09 3.14 3.61 6.18 9.92 8.62 0.96 4.13 0.24
exp. (Holt) 0.29 0.05 3.69 5.63 9.13 14.75 11.64 2.16 5.92
ARIMA 0.19 0.04 4.24 6.36 13.35 14.59 15.29 0.54 6.83
r. forest 0.31 0.05 0.63 1.93 12.04 3.23 5.52 0.64 3.04

Table A.34
RMSE values for DsWrocWybCon air quality monitoring station.

CeHs co NO NO, NOy 03 PMio SO, mean mean®
min 0.28 0.22 0.33 6.47 7.64 21.40 9.97 4.56 - -
max 0.98 0.48 3.58 27.80 31.39 58.36 25.32 7.85 - -

25

(continued on next page)



J. Bernacki

Table A.34 (continued)

Urban Climate 59 (2025) 102262

1)

CeHe co NO NO, NO 03 PMio SO, mean mean®
TCN 3 0.09 0.06 0.52 3.88 5.20 6.97 3.88 0.78 2.67 0.13
TCN 5 0.10 0.04 0.50 3.31 5.76 8.03 3.97 0.78 2.81
TCN 7 0.12 0.05 0.48 4.19 5.30 7.34 4.41 0.90 2.85
KAN 3 0.11 0.03 0.05 1.28 1.48 6.12 0.07 0.51 1.21
KAN 5 0.15 0.04 0.22 2.46 2.65 6.46 2.22 0.47 1.83
KAN 7 0.07 0.03 0.05 1.61 1.23 6.45 1.87 0.51 1.48
FCN 3 0.03 0.03 0.00 1.12 1.32 6.49 0.92 0.49 1.30
FCN 5 0.11 0.03 0.11 2.32 2.50 6.76 2.19 0.45 1.81
FCN 7 0.01 0.03 0.01 1.01 1.39 6.48 0.95 0.58 1.31
GRU 3 0.04 0.02 0.01 0.92 1.40 6.47 1.91 0.53 1.41
GRU 5 0.02 0.03 0.10 2.03 2.52 6.74 2.18 0.42 1.75
GRU 7 0.01 0.03 0.01 0.91 2.27 6.48 2.72 0.39 1.60
exp. sm. 0.16 0.05 1.06 4.88 5.46 6.39 3.50 0.49 2.75 0.20
exp. (Holb) 0.12 0.03 0.35 7.61 7.09 13.10 7.57 0.37 453
ARIMA 0.07 0.02 0.30 6.98 7.20 10.45 7.52 0.16 4.09
r. forest 0.09 0.02 0.34 3.07 2.70 3.68 1.65 0.87 1.55

Table A.35
RMSE values for LuGorzKosGdy air quality monitoring station.

CeHe co NO NO, NOy 0; PMio S0, mean® mean®
min 0.01 0.20 0.51 14.50 20.65 1.89 7.84 4.20 - -
max 0.26 0.60 17.33 48.85 69.75 45.00 37.09 8.44 - -
TCN 3 0.03 0.04 2.27 6.16 12.72 5.91 2.39 1.15 3.84 0.13
TCN 5 0.03 0.05 3.25 9.43 12.98 6.92 2.83 1.08 4.57
TCN 7 0.04 0.04 1.69 6.81 10.12 7.48 3.69 0.90 3.85
KAN 3 0.03 0.03 0.01 6.33 9.63 3.94 1.30 0.61 2.74
KAN 5 0.03 0.04 0.27 6.08 9.72 5.03 1.78 0.70 2.96
KAN 7 0.03 0.03 0.13 6.26 9.38 4.97 1.25 0.63 2.84
FCN 3 0.03 0.03 0.00 6.15 11.26 3.62 1.52 0.67 291
FCN 5 0.03 0.04 0.08 7.47 11.72 5.04 2.15 0.65 3.40
FCN 7 0.03 0.03 0.00 5.94 11.26 3.63 1.59 0.62 2.89
GRU 3 0.01 0.02 0.00 9.47 11.26 3.58 1.56 0.83 3.34
GRU 5 0.03 0.04 0.01 9.28 11.71 4.88 1.07 0.64 3.46
GRU 7 0.03 0.03 0.00 9.48 11.27 3.68 1.51 0.60 3.32
exp. sm. 0.04 0.07 6.08 11.52 12.31 12.17 12.90 1.55 7.08 0.19
exp. (Holt) 0.03 0.04 6.10 12.03 12.74 3.64 2.29 0.55 4.68
ARIMA 0.01 0.02 2.39 12.64 7.07 1.17 1.37 0.47 3.14
r. forest 0.03 0.04 2.62 4.90 8.17 16.41 2.44 0.50 4.39

Table A.36
RMSE values for LuSulecDudka air quality monitoring station.

Cco NO NO, NOy 03 PM;o SO, meanV mean®
min 0.42 3.50 5.95 11.20 22.75 8.67 2.77 - -
max 1.09 19.80 33.66 63.36 30.66 63.24 4.90 - -
TCN 3 0.05 1.87 2.80 4.36 3.78 3.24 0.42 2.36 0.11
TCN 5 0.06 1.76 3.62 5.43 4.40 3.12 0.47 2.69
TCN 7 0.05 1.49 3.42 3.88 4.69 3.44 0.47 2.49
KAN 3 0.04 0.20 0.52 4.69 1.69 3.05 0.29 1.50
KAN 5 0.04 0.38 0.61 4.51 1.84 3.20 0.31 1.56
KAN 7 0.03 0.20 0.58 4.73 1.69 3.16 0.23 1.52
FCN 3 0.03 0.26 0.92 6.55 1.69 3.38 0.27 1.87
FCN 5 0.04 0.33 0.72 6.56 1.84 3.28 0.31 1.87
FCN 7 0.03 0.31 0.75 6.06 1.69 3.38 0.23 1.78
GRU 3 0.03 0.17 0.71 5.73 1.69 3.38 0.23 1.71
GRU 5 0.03 0.28 0.54 6.07 1.84 3.39 0.31 1.78
GRU 7 0.03 0.12 0.72 6.47 1.69 3.38 0.28 1.81
exp. sm. 0.41 11.05 4.62 35.85 1.32 25.61 0.36 11.32 0.27
exp. (Holt) 0.04 9.79 18.04 1.48 5.18 5.09 1.19 5.83
ARIMA 0.03 8.18 1.20 2.23 0.29 2.47 0.88 2.18
r. forest 0.02 7.57 1.36 2.48 0.77 2.76 0.28 2.18

Table A.37
RMSE values for MpZakopaSien air quality monitoring station.
co NO NO, NO, 03 PMio SO, mean") mean®
min 0.24 0.85 6.32 7.70 1.83 5.26 0.51 - -
max 1.66 124.44 58.62 248.70 62.12 102.34 14.86 - -
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€3] (2)

CcO NO NO, NOy O3 PM;o SO, mean mean
TCN 3 0.19 22.34 11.17 40.45 9.11 15.95 2.59 14.54 0.17
TCN 5 0.26 25.62 13.01 51.24 9.23 18.95 2.09 17.20
TCN 7 0.29 19.19 13.58 36.04 10.53 17.33 2.47 14.20
KAN 3 0.03 23.08 9.62 70.56 4.86 19.26 0.76 18.31
KAN 5 0.14 23.98 9.57 72.15 8.10 19.99 0.88 19.26
KAN 7 0.04 22.95 9.62 69.66 5.09 19.42 0.32 18.16
FCN 3 0.00 23.76 13.20 76.74 5.58 19.51 0.02 19.83
FCN 5 0.07 22.76 11.47 77.32 8.85 20.35 0.55 20.20
FCN 7 0.01 23.87 10.91 71.04 5.43 19.48 0.02 18.68
GRU 3 0.04 23.79 15.62 76.48 8.90 19.93 0.02 20.68
GRU 5 0.12 25.72 15.71 76.82 9.00 20.69 1.24 21.33
GRU 7 0.00 23.67 15.62 76.57 7.31 20.30 0.05 20.50
exp. sm. 0.63 27.88 18.82 66.85 14.50 26.14 2.67 22.50 0.23
exp. (Holt) 0.22 48.74 8.59 37.79 9.41 15.02 2.42 17.46
ARIMA 0.62 12.51 16.50 24.05 10.45 11.01 1.38 10.93
r. forest 0.37 17.44 5.53 62.05 16.73 8.41 8.25 16.97
Table A.38
RMSE values for PmGdaLeczkow air quality monitoring station.

CeHs co NO NO, NOy 03 PMio SO, mean® mean®
min 0.23 0.42 0.48 3.97 4.79 20.93 4.02 2.16 - -
max 1.24 0.56 2.93 25.81 30.30 66.57 15.45 5.22 - -
TCN 3 0.11 0.04 0.29 2.78 3.17 8.20 2.62 0.44 2.20 0.13
TCN 5 0.11 0.04 0.23 3.82 4.71 11.58 2.94 0.67 3.01
TCN 7 0.14 0.05 0.24 3.54 3.48 8.33 2.53 0.43 2.34
KAN 3 0.09 0.03 0.06 1.00 1.65 10.26 2.15 0.31 1.94
KAN 5 0.09 0.03 0.14 2.27 2.92 10.32 2.27 0.33 2.30
KAN 7 0.09 0.03 0.02 1.76 1.61 10.23 2.05 0.30 2.01
FCN 3 0.00 0.03 0.00 1.11 1.66 10.43 0.69 0.21 1.77
FCN 5 0.09 0.03 0.10 0.97 1.48 10.59 1.88 0.33 1.93
FCN 7 0.01 0.02 0.01 0.89 1.80 10.51 0.74 0.29 1.78
GRU 3 0.00 0.02 0.01 0.72 1.10 10.40 1.69 0.28 1.78
GRU 5 0.08 0.03 0.05 0.56 2.31 10.47 2.15 0.24 1.98
GRU 7 0.01 0.03 0.01 1.98 1.02 10.37 1.21 0.17 1.85
exp. sm. 0.20 0.03 0.41 5.87 6.09 12.59 2.21 0.90 3.54 0.21
exp. (Holt) 0.18 0.02 0.36 6.14 4.72 12.77 1.76 1.02 3.37
ARIMA 0.11 0.02 0.33 3.73 6.05 14.39 1.17 0.82 3.33
r. forest 0.18 0.02 0.36 4.39 6.00 13.18 1.73 0.99 3.36

Table A.39
RMSE values for SlCzestoBacz air quality monitoring station.

CsHs co NO NO, NO 03 PMi0 SO, mean V) mean®
min 0.37 0.21 0.72 4.39 5.49 25.00 7.74 2.57 - -
max 2.38 0.42 1.99 17.56 19.44 53.58 26.66 19.64 - -
TCN 3 0.16 0.03 0.26 21.76 2.26 6.98 4.38 2.73 4.82 0.31
TCN 5 0.15 0.05 0.21 25.90 2.09 7.69 4.58 3.76 5.55
TCN 7 0.16 0.04 0.28 28.44 2.07 6.51 5.21 3.02 5.72
KAN 3 0.00 0.02 0.10 26.91 0.48 6.98 2.83 0.80 4.77
KAN 5 0.08 0.04 0.24 27.64 1.28 6.77 2.65 1.26 5.00
KAN 7 0.01 0.03 0.03 23.80 0.59 6.64 2.63 0.68 4.30
FCN 3 0.01 0.02 0.01 11.68 0.38 7.13 1.72 0.55 2.69
FCN 5 0.06 0.02 0.14 29.43 1.02 7.07 2.32 0.81 5.11
FCN 7 0.03 0.02 0.05 21.20 0.34 7.10 1.77 0.17 3.83
GRU 3 0.01 0.02 0.01 12.75 0.39 7.07 1.90 0.07 2.78
GRU 5 0.02 0.02 0.09 26.04 0.32 7.04 2.37 0.16 4.51
GRU 7 0.00 0.02 0.00 5.08 0.31 7.10 4.14 0.63 2.16
exp. sm. 0.56 0.04 0.26 20.55 4.31 13.11 6.61 4.92 6.29 0.50
exp. (Holt) 0.74 0.02 0.21 25.82 5.66 12.09 7.51 2.56 6.83
ARIMA 0.50 0.02 0.06 28.62 5.21 12.06 7.33 1.37 6.89
r. forest 0.62 0.02 0.18 31.02 5.78 11.68 7.20 6.83 7.92

Table A.40
RMSE values for ZpKosz air quality monitoring station.

CsHs co NO NO, NO, 03 PMio S0, meanV mean®
min 0.38 0.06 0.45 3.03 4.19 30.63 5.19 0.18 - -
max 1.50 0.16 13.39 19.92 38.06 74.27 14.58 7.77 - -
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Table A.40 (continued)

CeHs co NO NO, NOy 03 PMio SO, mean‘ mean®
TCN 3 0.14 0.02 1.23 2.02 5.69 7.14 2.94 1.03 2.53 0.11
TCN 5 0.15 0.02 1.39 2.84 5.25 9.20 2.40 1.00 2.78
TCN 7 0.12 0.03 1.60 2.73 5.80 5.85 2.06 0.99 2.40
KAN 3 0.08 0.02 0.20 0.20 3.05 9.84 1.60 0.05 1.88
KAN 5 0.11 0.02 0.24 0.91 3.58 9.86 1.19 0.59 2.06
KAN 7 0.08 0.02 0.17 0.21 1.95 9.81 0.53 0.02 1.60
FCN 3 0.04 0.02 0.16 0.27 2.32 10.01 1.25 0.01 1.76
FCN 5 0.10 0.02 0.14 0.57 3.75 10.10 1.17 0.10 1.99
FCN 7 0.02 0.02 0.16 0.21 2.38 9.97 0.28 0.01 1.63
GRU 3 0.02 0.02 0.17 0.23 3.22 9.96 1.22 0.17 1.88
GRU 5 0.10 0.02 0.16 0.40 3.61 10.00 0.51 0.04 1.85
GRU 7 0.07 0.02 0.20 0.19 3.26 9.96 0.17 0.03 1.74
exp. sm. 0.39 0.02 3.65 3.54 12.10 11.56 5.21 3.52 5.00 0.33
exp. (Holb) 0.51 0.02 2.83 4.38 12.02 14.58 3.88 2.53 5.09
ARIMA 0.39 0.01 3.76 3.71 11.57 13.79 5.46 2.66 5.17
r. forest 0.51 0.02 2.88 4.50 11.92 10.47 4.02 3.11 4.68
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Abstract

Air pollution is a significant global challenge with profound impacts on human health and the environment. Elevated concen-
trations of various air pollutants contribute to numerous premature deaths each year. In Europe, and particularly in Poland,
air quality remains a critical concern due to pollutants such as particulate matter (PM), which pose serious risks to public
health and ecological systems. Effective control of PM emissions and accurate forecasting of their concentrations are essential
for improving air quality and supporting public health interventions. This paper presents four advanced deep learning-based
forecasting methods: extended long short-term memory network (xXLSTM), Kolmogorov-Arnold network (KAN), temporal
convolutional network (TCN), and variational autoencoder (VAE). Using data from eight cities in Poland, we evaluate our
methods’ ability to predict particulate matter concentrations through extensive experiments, utilizing statistical hypothesis
testing and error metrics such as mean absolute error (MAE) and root mean square error (RMSE). Our findings demonstrate
that these methods achieve high prediction accuracy, significantly outperforming several state-of-the-art algorithms. The
proposed forecasting framework offers practical applications for policymakers and public health officials by enabling timely

interventions to decrease pollution impacts and enhance urban air quality management.

Keywords Air pollution - Particulate matter - Forecasting - Predicting - Machine learning - Deep models

Introduction

Air pollution significantly impacts human health, with high
concentrations of various pollutants, especially particulate
matter (PMy), being responsible for a substantial number of
deaths each year. This issue is global in scope, and in Europe,
air quality is notably poor in many regions, especially urban
areas (Potednik 2022). In numerous countries, the detrimen-
tal effects of poor air quality are often overlooked, partly due
to low public awareness and understanding of the problem.
A contributing factor to this may be insufficient knowledge
about the severity of air pollution. The processes of indus-
trialization and automobile transportation, particularly those
involving fuel combustion, contribute to the rise in many
air pollutants, including benzene (CgHg), carbon monoxide
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(CO), nitrogen oxides (NO, NO,, NOy), ozone (O3), partic-
ulate matter 10 (PMg), sulfur dioxide (SO,), and others. As
aresult, air pollution is closely monitored and analyzed at air
quality monitoring stations, where the air quality is assessed
based on data collected from these stations.

Particulate matter is fine solid particles or liquid droplets
suspended in the air. It is a serious environmental problem,
especially in urban and industrial areas. Particulate matter
is divided into several categories depending on the size of
the particles: particulate matter 10 (PMjg)—aerodynamic
diameter of less than 10 micrometers; particulate matter 2.5
(PM; 5)—particles with an aerodynamic diameter of less
than 2.5 micrometers; particulate matter 1 (PM|)—particles
with an aerodynamic diameter of less than 1 micrometer.

In Poland, the problem of air pollution with particulate
matter (PM) is serious, especially in the winter season. This
is mainly due to the so-called low emissions, i.e., emissions
from domestic heating furnaces burning coal and wood, often
of low quality. Other sources are exhaust fumes from com-
bustion engines, especially in large cities, and emissions from
industrial plants or power plants. In addition, there are emis-
sions from road transport and industry. Poland is one of
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the European Union countries where the concentrations of
particulate matter are among the highest. The greatest prob-
lems concern cities in southern and central Poland, such as
Krakow, Katowice, Wroctaw, and Warsaw. In some of these
cities, air quality standards set by the European Union and the
World Health Organization (WHO) are regularly exceeded.

Poland is taking various actions to improve air quality,
including programs to replace old furnaces with more eco-
logical ones and introduce clean transport zones in cities.
However, the effectiveness of these actions is limited and
requires further efforts at both the national and local lev-
els. The PM, 5 and PM( concentrations are monitored on
an ongoing basis by the Chief Inspectorate of Environmen-
tal Protection (GIOS),! which provides data online. Despite
some improvement in recent years, the problem of air pollu-
tion in Poland remains a significant challenge.

Therefore, monitoring air quality is a crucial task. One
challenge in this area is ensuring the completeness of the
monitoring data. Air quality monitoring stations frequently
encounter technical difficulties, leading to gaps in measure-
ments. To address this issue, one approach is to approximate
the missing values, which is closely related to the task of
forecasting. Numerous studies in the literature focus on fore-
casting air pollutant concentrations (Liu et al. 2021, 2020;
Yang et al. 2020), employing a wide range of methods,
including machine learning (Dobrea et al. 2020; Sharma et al.
2021), deep learning (Abirami and Chitra2021; Heydari et al.
2022), and hybrid approaches (Chang et al. 2020; Mao et al.
2021). However, in some cases, the estimation results may
not be satisfactory.

In this paper, we propose methods for forecasting the
concentration of the particulate matter 10 (PMjo) and its
selected components in Poland. The analyzed PM compo-
nents include arsenic (As), cadmium (Cd), nickel (Ni), and
lead (Pb). These pollutants were analyzed in the following
eight air quality monitoring stations in Poland, located in
different Polish cities: Walbrzych, Torun, Zagar’l, Krakow,
Mielec, Katowice, Puszcza Borecka, and Szczecin. We have
proposed methods utilizing novel approaches for forecast-
ing: extended long short-term memory network (xXLSTM),
Kolmogorov-Arnold network (KAN), temporal convolu-
tional network (TCN), and variational autoencoder (VAE).
Our objective was to generate forecasts for the concentra-
tions of the specified air pollutants in the aforementioned
cities. This was achieved by training each network using real
data collected from GIOS to predict these concentrations. We
then compared the forecasting results with the actual data
to assess the quality of the predictions. Each proposed net-
work was tested with three different combinations of input
parameters, resulting in over 400 prediction models, which
were subsequently analyzed. The evaluation of these models

! https://www.gov.pl/web/gios-en
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was conducted in two ways: through statistical hypothesis
testing and by analyzing error metrics such as mean abso-
lute error (MAE) and root mean square error (RMSE). The
statistical hypothesis testing confirmed that there were no
significant differences between the original data and the fore-
casts produced by the proposed methods, demonstrating their
reliability.

We have also implemented several well-known state-
of-the-art algorithms for forecasting, including exponential
smoothing, Holt-Winters exponential smoothing, autore-
gressive integrated moving average (ARIMA), and random
forest. Our experimental evaluation demonstrated that the
proposed methods produce more accurate forecasts. Statisti-
cal hypothesis testing revealed that in some instances, the
forecasts generated by state-of-the-art algorithms showed
significant statistical differences when compared to the orig-
inal data. Additionally, the analysis of MAE and RMSE
indicated that the proposed methods achieved lower error
values compared to the existing algorithms in the literature.
These findings suggest that the proposed methods generate
more precise forecasts. Such an analysis could be particularly
useful for estimating missing data, especially in cases where
technical issues at air monitoring stations result in data gaps.

Contribution

This paper introduces four deep learning-based methods
for forecasting concentrations of specific particulate mat-
ter components in Poland: XLSTM, KAN, TCN, and VAE.
Using real-world data from GIOS across eight Polish cities,
we evaluated these methods through statistical hypothesis
testing and error metrics. The results demonstrate that our
proposed approaches achieve high accuracy, offering a sig-
nificant advancement over existing forecasting techniques for
air pollutant concentrations.

Accurate forecasting of PM concentrations is crucial for
decreasing air pollution’s adverse effects on public health
and the environment. While numerous studies have explored
PM forecasting, many rely on traditional statistical meth-
ods or machine learning approaches that struggle to capture
the complex temporal and spatial dependencies inherent in
pollution data. This paper addresses this gap by proposing
advanced deep learning-based methods specifically designed
to model these dependencies, offering improved accuracy
and reliability in predicting PM concentrations. Our study
focuses on Poland, a country with persistent air quality
challenges, using data from eight cities to evaluate the effec-
tiveness of the proposed methods.

Organization of the paper

The paper is organized as follows: The next section describes
previous and related works. Section “Proposed methods”
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presents proposed deep learning methods for forecasting. In
Section “Experimental evaluation,” the experimental evalu-
ation of the proposed methods is performed. Finally, the last
section concludes this work. At the end of the paper, there
is an Appendix that stores the large number of evaluation
tables.

Previous and related work

A comprehensive survey of various artificial intelligence
(AI) techniques for air pollution forecasting is presented
in Subramaniam et al. (2022). The authors review a range
of methods, including traditional statistical models, such as
ARIMA and regression models (Zhang et al. 2018; Masood
and Ahmad 2021; Shams et al. 2021; Zeinalnezhad et al.
2020); artificial neural networks which are explored in sev-
eral studies (Ahmadi et al. 2023; Cho and Moon 2022; Mishra
and Goyal 2015; Shams et al. 2021; Sohn et al. 1999; Usmani
et al. 2021); support vector machines (Murillo-Escobar et al.
2019; Nilashi et al. 2020; Wang et al. 2017); fuzzy logic
models (Masood and Ahmad 2021); deep learning models
including various architectures (Bekkar et al. 2021; Du et al.
2019; Gilik et al. 2022; Heuvelmans et al. 2021; Kurnaz and
Demir 2022; Lee et al. 2017; Pak et al. 2020; Saxena 2021);
and hybrid models combining different approaches (Gu et al.
2022; Qi et al. 2019; Zhu et al. 2018). These models are pri-
marily employed for forecasting major pollutants such as
PM; s, PMg, O3, CO, SO;, NO,, and CO;. Performance
evaluation of these models often involves error metrics such
as R-squared (the coefficient of determination, R?), RMSE,
MAE, and mean absolute percentage error (MAPE). Addi-
tionally, a review of hybrid methods applicable to air quality
forecasting is provided in Baklanov and Zhang (2020); Liao
et al. (2020); Liu et al. (2021); Méndez et al. (2023).

In Qi et al. (2019), a hybrid model combines neural net-
works to predict PM» s concentrations in a given time and
space. More precisely, the proposed integrates the graph con-
volutional networks and long short-term memory networks
(GC-LSTM) in order to predict the spatiotemporal variation
of PM; 5 concentrations. The approach was compared with
several state-of-the-art methods, and the results revealed that
the GC-LSTM model outperforms other methods in terms of
several machine learning measures, including the correlation
coefficient R2. In Liang et al. (2023), the neural networks
with meteorological data to predict hourly PM; s concen-
trations were used. The experiments were held based on
the data coming from Beijing Aotizhongxin. The R?> mea-
sure of the proposed method obtained better values than
other approaches. In Yu et al. (2022), an ensemble learn-
ing approach to predict PM; 5 concentrations, taking into
account climate data and air quality indicators from neigh-
boring cities, was presented. The forecasting experiments

were held on the data representing PM; 5 concentrations in
Beijing, Wuhan, and Shenzhen.

In Usha Ruby et al. (2024), a hybrid methodology for
forecasting PM; 5 concentrations was described. The method
uses a gradient-boosted regression tree with convolutional
neural networks and fuzzy K-nearest neighbor. The fore-
casting results were compared with methods such as multiple
linear regression, stacked long short-term memory, bidirec-
tional gated recurrent unit, and gradient-boosted regression
tree. Results evaluated with the measures including RMSE,
MAE, and MAPE confirmed higher prediction accuracy over
other methods. In Liu et al. (2019), multi-stage forecast-
ing of PMj 5 concentrations using a new hybrid model that
combines different machine learning techniques is described.
The proposed method uses a wavelet packet decomposition
(WPD), particle swarm optimization (PSO), back propa-
gation neural network, and AdaBoost algorithm. Results
indicated that the PSO and AdaBoost can effectively enhance
the forecasting accuracy.

In Kryza et al. (2021), the forecasting of hourly PM; 5
concentrations in southwestern Poland using the uEMEP
and EMEP4PL models is considered. The results are com-
pared with data obtained from measurement networks, which
allows for the assessment of the forecast accuracy. EMEP4PL
is an application of the EMEP MSC-W chemistry transport
model specifically tailored for Poland. This model operates
using two nested domains: the parent domain, which cov-
ers Europe with a grid resolution of 12km x 12km, and the
nested domain, which is focused on Poland with a finer grid
resolution of 4km x 4km. The uEMEP model, based on
Gaussian modeling principles, enables the downscaling of
EMEPA4PL results to an even higher spatial resolution using
the local fraction approach. The results indicated that the
uEMERP forecasts have a smaller bias and higher index of
agreement, compared to EMEP. The application of the ran-
dom forest algorithm to improve the estimates of daily PM» 5
concentrations in Poland generated by the EMEP4PL model
is described in Vovk et al. (2024).

In Krajny et al. (2024), the short-term forecasting of PMq
concentrations in Krakow using sodar Doppler technology,
paying attention to the impact of meteorological conditions
on air pollution levels, was presented. The discussed method
was based on the use of the spectrum, i.e., the set of ampli-
tudes of signals returning to the sodar receiver from the
reflection of a single-frequency sound transmission and its
characteristic properties depending on the physical state of
the atmosphere. The data mining methods were used to gener-
ate the forecasts of high concentrations of PM . In Chae et al.
(2021), convolutional neural network models were used to
predict real-time PMo and PM; 5 concentrations in Poland.
The evaluation using the R?> and RMSE measures confirmed
the high detection accuracy. In Udristioiu et al. (2023), there
was proposed the use of hybrid models to forecast daily con-
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centrations of various PM fractions and the air quality index
(AQI) in Romania. The utilized methods included input vari-
able selection (IVS), machine learning (ML), and regression
models. Evaluation using well-known measures such as R>
or RMSE confirmed the satisfactory results of forecasting the
PM concentrations.

In Hong Zhang and Wang (2017), the concentrations of
PM;jp in Taiyuan, China, were analyzed using a wavelet-
based ARMA/ARIMA model. The model’s performance was
evaluated using relative error (RE), RMSE, and normal-
ized root mean square error (NRMSE). The study found
that the values of these error metrics were minimal, indi-
cating a high accuracy of the model. In Doreswamy et al.
(2020), a method for predicting PM; 5 concentrations was
proposed using various regression models, including random
forest, gradient boosting regression, decision tree regression,
and multilayer perceptron regression. The data used for this
study were collected from Pingtung station and Newport
City in Taiwan. The evaluation of the prediction performance
was conducted using MAE and RMSE. An aggregated long
short-term memory (LSTM) model for air pollution forecast-
ing was considered in Chang et al. (2020). This model was
compared against three popular machine learning methods,
with the evaluation based on MAE, RMSE, and MAPE. The
research utilized data collected from various locations in Tai-
wan. In Lee et al. (2020), a gradient-boosting-based machine
learning approach for predicting PM; 5 concentrations in Tai-
wan was proposed. The results were also compared with
data from Taipei and London. The findings showed simi-
lar prediction results for Taipei and London, attributed to the
comparable topography of the cities. The evaluation of the
results was performed using the coefficient of determination
(R?) and RMSE.

In Bhatti et al. (2021), a method for predicting PM> 5 con-
centrations using seasonal autoregressive integrated moving
average (SARIMA) is presented. The effectiveness of the
SARIMA model is evaluated through statistical analysis,
which demonstrates its efficacy in handling seasonal vari-
ations in pollutant concentrations. In Song and Fu (2020),
a radial basis neural network (RBNN) is employed for air
quality prediction in Zhengzhou and Shanghai, China. The
study explores the network’s ability to model and forecast
air quality based on the collected data from these cities.
The method for predicting a comprehensive air quality index
in Xingtai, China, is proposed in Shi and Wu (2020). This
approach uses the speed of socio-economic development into
the forecasting model. The results indicate that the grey mul-
tivariable model used in this study provides high forecasting
performance. In Ke et al. (2022), a method for daily forecast-
ing of PM3 5, PMjp, SO;, NO;, O3, and CO based on data
from multiple Chinese cities (Beijing, Shanghai, Guangzhou,
Chengdu, Xi’an, Wuhan, and Changchun) is described. The
study utilizes five machine learning models to generate 3-day
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pollution level forecasts, and the evaluation confirms that the
predictions are satisfactory.

In Séwka et al. (2019), an analysis of particulate matter
concentrations in selected Polish cities, including Wroctaw
and Poznafi, from 2014 to 2016, is presented. The study found
that the highest concentrations of PM; o, PM3 5, and PMjo
were observed in 2016 in both cities. In Czernecki et al.
(2021), machine learning methods for short-term forecast-
ing of PM5 5 and PM 1 in major Polish cities are examined.
The study employs AIC-based stepwise regression, tree-
based algorithms (random forests and XGBoost), and neural
networks. The experimental evaluation confirmed the high
accuracy of these forecasting methods. The method for pre-
dicting the number of days with atmospheric visibility in
Warsaw, Poland, based on meteorological and air quality
data is proposed in Majewski et al. (2021). The approach
uses the Iman-Conover method to simulate a time series of
meteorological and air quality parameters. Statistical verifi-
cation showed that the model effectively predicts the number
of days in a month with visibility within specific ranges.
In Kujawska et al. (2022), various machine learning meth-
ods for predicting PM( concentrations in Lublin, Poland,
are discussed. Methods evaluated include linear regression
(LR), k-nearest neighbors regression (k-NNR), support vec-
tor machine (SVM), regression trees (RT), Gaussian process
regression (GPR), artificial neural networks (ANN), and
long short-term memory networks (LSTM). The experimen-
tal analysis, based on the coefficient of determination (R2),
indicated that the ANN achieved the best prediction results
among the methods tested. Additional studies on air quality
analysis in Poland can be found in Gaj et al. (2020) and Kryza
et al. (2020).

In He et al. (2022), the forecasting of PM> 5 concentration
using ANN is considered. Analysis of data from Liaocheng
from 2014 to 2021 showed a gradual decrease in PM3 5, and
the air quality in 2020 was clearly better than in 2019. The
ANN model consisted of an input layer (11 parameters), a
hidden layer (6 neurons), and an output layer. Training was
carried out on 80% of the data, validation on 10%, obtain-
ing high correlation coefficients. The best forecasting results
were achieved with the Bayesian regularization algorithm.
The results confirm that ANN effectively identifies nonlinear
relationships and is an effective tool for predicting monthly
PM3 5 concentrations. The application of ANN to forecast
the hourly concentration of PM» 5 and PM¢ in Chongqing
was also described in Guo et al. (2023b).

The work (Guo et al. 2023a) examines the use of ANN
and wavelet transform neural networks (WANN) to forecast
daily PM; 5 concentration in Shanghai. PM5 5 concentration
decreased by 39.3% from 2014 to 2020. The model is based
on the correlation of PM»> s with meteorological data and
concentrations from the previous 3 days, identifying the min-
imum and maximum temperature and maximum atmospheric
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pressure as key factors. The WANN with the tansig-purelin
activation function achieved the best results during all stages
of analysis, confirming its effectiveness in identifying the
relationship between input and output data. The results sug-
gest that WANN is an accurate tool for PM» s forecasting and
can support air pollution management strategies.

In Guo et al. (2023c), the application of an adaptive model
combining ANN with wavelet analysis (WANN) for fore-
casting daily PMj 5 concentrations based on remote sensing
data and ground observations is presented. The evaluation
was performed using the Pearson correlation coefficient (R),
MAPE, RMSE, and MAE. The WANN model performed
significantly better than the ANN. The results show that
the WANN has higher forecast accuracy, better stability,
and smaller error during the training and validation periods,
which confirms the effectiveness of the WANN in forecasting
the PM3 5 concentrations 1 day ahead.

In Guo et al. (2020), the analysis of the forecasting of the
air pollution index (API) in Xi’an and Lanzhou using correla-
tion analysis and wavelet transform neural networks (ANN)
is presented. The optimal model included the API of the pre-
vious 3 days and 16 selected meteorological factors. The API
was found to be most strongly correlated with the previous
day’s value, as well as with the mean, minimum, maximum
temperature, and water vapor pressure. The ANN and WANN
models trained with the Bayesian regularization algorithm
effectively reproduced the API, with WANN achieving better
results (R = 0.8846 for Xi’an and R = 0.8906 for Lanzhou)
than ANN. The results show that WANN is effective in short-
term API forecasting due to its ability to identify nonlinear
relationships and historical patterns. The study can support
the development of environmental management policies.

Proposed methods

In this section, we describe the architectures of the four neu-
ral networks that one may use for forecasting. Discussed
networks include xXLSTM, KAN, TCN, and VAE. Firstly, let
us introduce the background of the neural networks’ work.

Neural networks—the background

Forecasting with neural networks utilizes their ability to
uncover intricate patterns in data, enabling accurate pre-
dictions of future values based on historical trends. These
models learn by analyzing large datasets, iteratively adjusting
their parameters to reduce forecast errors and improve preci-
sion. The training process begins by feeding input data into
the model, which is processed through layers such as con-
volutional that extract key features. These features are then
refined and interpreted through activation functions and fully
connected (linear) layers. The network’s output is compared

to the actual values, and the resulting error is minimized by
fine-tuning the model’s weights and parameters, ultimately
enhancing its predictive accuracy.

The key concepts related to neural network operations can
be summarized as follows: The convolutional layer plays
a crucial role in detecting local patterns in data, making it
indispensable for tasks like image analysis and time series
processing. This layer uses a filter (or weight matrix) that
moves across the input data, identifying features. Parameters
like dilation rate extend the filter’s range, capturing broader
patterns without adding extra parameters, while the kernel
size determines the filter’s dimensions, influencing the res-
olution of detected details. Padding involves adding values
(typically zeros) to the input, ensuring the convolutional fil-
ter can analyze the entire sequence, including its edges, and
preserving the input’s original length. Fully connected lay-
ers link every neuron to all neurons in the previous layer,
enabling the integration of information across processing
stages. Activation functions, such as the rectified linear unit
(ReLU), allow the network to model non-linear relationships
by transmitting signals based on their positivity. The scaled
exponential linear unit (SELU) stabilizes training by normal-
izing activation values. Dropout, a regularization method,
deactivates random neurons during training to reduce over-
fitting. Lastly, the learning rate governs the magnitude of
weight updates during optimization, ensuring efficient and
stable training.

Extended long short-term memory

LSTM (long short-term memory) is a type of recurrent neu-
ral network (RNN) designed specifically to handle long data
sequences and memorize information for longer periods of
time (Beck et al. 2024). Unlike traditional RNNs, LSTM
can better handle the so-called “vanishing gradient” prob-
lem, meaning that it can effectively learn dependencies over
longer stretches of sequence.

LSTM consists of units called memory cells, which con-
tain the internal state of the cell (“cell state”) and three
different gates, which include the input gate, forget gate, and
output gate. The input gate determines which new informa-
tion should be added to the cell state. It contains a sigmoid
function that decides which values will be updated and a
hyperbolic tangent (tanh) function that creates a vector of
new candidate values to add to the cell state. The forget gate
decides which information from the previous state of the cell
will be forgotten and uses a sigmoid function to determine
how much each piece of information should be retained or
forgotten. The output gate decides what part of the cell state
should be the output of the given LSTM unit. This gate, like
the previous ones, uses a sigmoid function to decide which
information will pass on and a tanh function to set the output.
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An extension of the standard LSTM is the xLSTM
network, which introduces additional mechanisms or mod-
ifications that aim to improve performance or allow better
modeling of specific types of data. It can include various
variants and additions, such as additional gates, modified
activation functions, or special memory mechanisms. The
aim of these extensions is to improve the model’s ability
to cope with specific problems. We propose that, unlike the
standard LSTM network, which contains one layer, we create
an xLSTM network structure that has four layers. The pro-
cessed data passes through LSTM layers, where the output
from one layer is passed as input to the next. The final output
is passed through the linear layer (fully connected—fc). The
network structure is thus as follows:

(1) Four layers, each with 64 LSTM units;
(2) Alinear layer (fully connected) that matches the dimen-
sionality of the hidden state to match the output size.

The proposed model consists of four LSTM layers, each
processing sequential data, storing information about previ-
ous time steps, and enabling prediction based on previous
data. The first LSTM layer takes input data of size that can
be defined by a parameter, and each subsequent layer takes
data processed by the previous layer. Hidden state and cell
state store information from previous time steps and help
the model to “remember” previous data while processing
sequences. Hidden states and cells are updated as data flows
through the layer. The last layer is a linear layer (fully con-
nected) that maps the output of the last time step, returning
the final prediction result.

The network processes a time series by using a sliding
window approach, where the time series data is segmented
into overlapping windows of a specified size. Each window
captures a segment of the time series, and these segments
are sequentially fed into the network’s layers. The network
then processes the data within each window and produces a
prediction based on the values contained in that window. The
window size is a parameter that can be adjusted according to
the specific requirements of the analysis.

Kolmogorov-Arnold network

The Kolmogorov-Arnold networks (KAN) were first intro-
duced in 2024 (Liu et al. 2024). This type of network is
composed of fully connected layers, meaning that each neu-
ron in a given layer is connected to every neuron in the
subsequent layer. These fully connected layers apply linear
transformations to the input data, with each layer learning a
set of weights and biases during the training process. These
learned parameters are then used to transform the input vec-
tors.
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To capture more complex patterns in the data, each layer’s
output is passed through a non-linear activation function, typ-
ically the sine function in the case of KAN. This non-linear
activation enables the network to learn intricate relationships
within the data. We propose the following structure for the
KAN network:

(1) First fully connected layer (FC1) with 64 neurons with
sine activation function and dropout;

(2) Second fully connected layer (FC2) with 128 neurons
with sine activation function and dropout;

(3) Third fully connected layer (FC3) with 256 neurons with
sine activation function and dropout;

(4) Fourth fully connected layer (FC4) with 512 neurons
with sine activation function and dropout;

(5) The last layer takes as an input the output of FC4 and
produces the final prediction.

Such architecture allows the capturing of more complex
patterns in the input data compared to simpler networks.

The network takes a time series as input, processing it
with a sliding window of a defined size. The values from
subsequent windows are passed through network layers that
gradually learn more complex patterns in the data. Finally,
the network generates a prediction based on the values from
the window. The size of the window can be defined arbitrarily.

Temporal convolutional network

Temporal convolutional networks (TCNs) are specialized for
processing time-varying data inputs. A common approach
to handling such data involves the use of an entry window
and a prediction window, a method that has also been uti-
lized in video-based action segmentation (Lea et al. 2017,
2016). TCNs typically function in two main stages. First,
they compute low-level features through a convolutional neu-
ral network (CNN), which encodes both spatial and temporal
information. These low-level features are then passed into a
classifier that captures higher-level temporal patterns, often
using techniques like RNNs. TCNs are widely used in var-
ious forecasting applications due to their ability to model
complex temporal dependencies effectively.

The structure of TCNs is kind of similar to CNNs. We
propose to use a TCN with six convolutional layers, which
may be summarized as follows:

(1) First 1D-convolution layer with kernel size equal 3,
SELU as an activation function and dropout;

(2) Second 1D-convolution layer with dilation rate equal 2,
kernel size equal 3, SELU as an activation function and
dropout;
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(3) Third 1D-convolution layer with dilation rate equal 4,
kernel size equal 3, SELU as an activation function and
dropout;

(4) Fourth 1D-convolution layer with dilation rate equal 8,
kernel size equal 3, SELU as an activation function and
dropout;

(5) Fifth 1D-convolution layer with dilation rate equal 16,
kernel size equal 3, SELU as an activation function and
dropout;

(6) The last convolutional layer reduces the number of chan-
nels to the desired output using a 1 x 1 convolutional
operation. The output of the networks is a tensor that
contains predicted values for each sequence.

‘We propose to use a non-linear SELU function (Klambauer
et al. 2017), which is a variant of the ReLU function (Nair
and Hinton 2010) and is defined as presented as Eq. 1:

X forx >0
aexp(x) —a forx <0

SELU(x) = A { (1)

where « &~ 1.6733 and A =~ 1.0507. Dropout regulariza-
tion is employed to prevent overfitting by randomly setting
a fraction of the activations to zero during training. Addi-
tionally, the dilation rate in a convolutional layer specifies
how many input values are skipped between each step of the
convolution. A dilation rate of 1 corresponds to a standard
convolution, whereas higher rates result in skipping more val-
ues between the convolutions. Similar to previous networks,
the proposed TCN processes the input data with a sliding
window of a defined size in order to generate a prediction.

Variational autoencoder

VAE is a generative probabilistic model that is used to learn
a representation of data and generate new data that is sim-
ilar to the training data (Kingma and Welling 2013). VAEs
are usually used for different tasks, such as data generation,
dimensionality reduction, anomaly detection, interpolation,
data modeling, or forecasting (Cai et al. 2023). A VAE con-
sists of three main parts: an encoder, which transforms the
input data into a latent space (a space of lower dimension-
ality); a reparameterization layer that allows us to obtain
a sample from a normal distribution, which is defined by
the mean and the logarithm of the variance (logvar); and a
decoder, which transforms the latent space back to the input
space. The latent space is the space where we want to reduce
our input data to a lower number of dimensions while retain-
ing the most important information. In a VAE, instead of
uniquely encoding each input data into a single point, we
learn a probability distribution that represents where the data

might lie in the latent space. The proposed VAE can be char-
acterized as follows:

(1) Encoding part:

e Linear layer fcl (dense) transforming input data to
the dimension of the hidden vector h;
e Linear layer fc2 (dense) which
(a) transforms the vector h by determining the vec-
tor of means m for each dimension of the latent
space;
(b) transforms the vector h by determining the vec-
tor of logarithms of variances (logvar) 1 for each
dimension of the latent space;

(2) Reparametrization:

e Generates the vector z which is the representation in
the latent space;

(3) Decoding part:

e Linear layer fc3 (dense) transforming the latent space
to the dimension of the hidden vector h;

e Linear layer fc4 (dense) transforming vectors from
hidden layer to input dimension.

The operation of the encoder can be described as follows:
The input data (e.g., a vector of values) is fed to the fc1 layer,
which transforms it into a hidden vector h. This vector is a
kind of abstract representation of the input data after initial
transformation by the encoder. The vector h is then trans-
formed into two vectors: the mean m and the logarithm of
the variance 1, which define the normal distribution. The vec-
tor m represents the mean value of the normal distribution to
which the input data will be mapped. The vector I (logarithm
of the variance) is a vector that represents the logarithm of the
variance of this distribution. The variance defines the spread
of the data around the mean, i.e., how much the samples in the
latent space can deviate from the mean. So the vectors m and
1 define the normal distribution, which contains the encoded
representation of the input data. This allows for probabilistic
modeling of the data, which allows the VAE to generate new
samples that may look similar to the input data.

Reparameterization enables the gradient to propagate
through the stochastic layer. After obtaining vectors m and
1, we want to obtain a sample from the normal distribution
that these parameters define. With reparameterization, we can
use optimization techniques like backpropagation to train the
model. The vector z is generated from the normal distribu-
tion A/(0, 1) by using vectors m and 1. More precisely, the z
is calculated in the following manner:

z=m+std x € )
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where std = exp(0.5 x 1), and € is a sample from the normal
distribution.

The decoder operation is to transform the sample from
the latent space using the decoder (fc3 and fc4) into a recon-
struction of the input data.

The VAE can be used to generate data (prediction) in the
following way. After training is complete, one can generate
new data (vector) z by sampling from the standard normal
distribution A/ (0, 1) from the latent space. Therefore, each
element of the vector z is independently drawn from a normal
distribution with mean 0 and standard deviation 1. This vector
is then fed to the decoder, which is tasked with transforming
this vector into data in the original space. Thus, this sample,
when decoded into the input space, yields new, generated
data. In the context of prediction, the generated data can be
treated as predictions. This works because the model has
learned to map the input data to the latent space such that
these distributions are close to (0, 1), so we get samples in
the latent space that should correspond to reasonable data in
the input space after being transformed by the decoder.

Experimental evaluation

In this section, we benchmark the proposed methods by con-
ducting forecasting simulations using real data from the Chief
Inspectorate of Environmental Protection (GIOS). The data
from GIOS consist of concentration values (measured in
wg/m?) for various air pollutants. Specifically, our objec-
tive is to train the proposed methods (xLSTM, KAN, TCN,
and VAE) using data that represent different concentrations
of air pollutants from several Polish cities (referred to as the
original data). We then compare the results generated by the
proposed methods with the original data to assess the fore-
casting accuracy and overall quality of these methods. This
comparison enables a thorough evaluation of the effective-
ness of the forecasting models we propose.

Collected data and area description

The forecasting evaluation was conducted with the PMjq
(particulate matter) and its following components: arsenic
(As), cadmium (Cd), nickel (Ni), and lead (Pb). These
pollutants were analyzed in the following air quality mon-
itoring stations in Poland: DsWalbrzWyso (Watbrzych),
KpToruDziewu (Toruri), LuZaganKochaMOB (Zagari), Mp-
KrakBulwar (Krakéw), PkMielPogodn (Mielec), S1IKatoKos-
sut (Katowice), WmPuszczaBor (Puszcza Borecka), and
ZpSzczAndrze (Szczecin). These station codes, along with
the city names in parentheses, are used throughout this paper.
The selection of the listed cities and the air pollutants was
based on the availability and consistency of high-quality his-
torical data from monitoring stations. These cities represent
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a mix of urban, industrial, and suburban areas, capturing a
range of pollution levels typically observed across Poland.
For instance,

e Urban areas like Krakéw experience high pollution levels
due to traffic and dense population;

e Industrial regions such as Katowice are characterized by
elevated emissions from industrial activities;

e Smaller towns like Zagar’l, Mielec, or cities in the northern
part of Poland like Szczecin or Torun have lower pollu-
tion levels, providing contrast to the urban and industrial
settings.

Additionally, the listed air pollutants have significantly
different concentration levels, allowing for a more compre-
hensive evaluation of the proposed methods. The locations
of the air quality monitoring stations are shown in Fig. 1.

We present the forecasting results based on daily data col-
lected from January 1, 2022, to December 31, 2022, for all
listed air pollutants. Consequently, the input data for each
of the proposed methods consists of 365 daily observations.
The data used for training the proposed methods has not
been pre-processed or normalized; instead, the models were
trained directly on the original data. This decision was made
to ensure the proposed forecasting methods could operate
on real-world data without relying on pre-treatment steps
that might not be feasible in practical applications. By using
unprocessed data, we aimed to assess the robustness and
adaptability of our models in handling inherent variations
and noise present in the dataset.

Usage of the proposed methods, hyperparameters,
and implementation

The proposed methods were employed in the following man-
ner: each model (except VAE) was configured to accept
multiple input values and produce a single output value,
which corresponds to the prediction. The number of input
values, referred to as the “window,” varied across different
experiments. Specifically, each network (xLSTM, KAN, and
TCN) generated predictions using windows of 3, 5, and 7
input values. The window of a defined size moved over the
input data, and the network produced one prediction; after
this, the window was moving over the next position of the
input data, to make the network produce the next prediction,
and so on to the end of the input data. The only exception was
the VAE, which was utilized in just one configuration. As a
result, using data from 5 air pollutants across 8§ air quality
monitoring stations, forthe 4 proposed methods generated a
total of 400 series of predictions.

To evaluate the performance of the proposed methods, we
compared their predictions not only with the original data but
also with forecasts generated by several well-known state-



Environmental Science and Pollution Research

[ ]
ZpSzczAndrze

L.uZaganKochaMOB

o DsWalbrzWyso

WmPuszcza Bgr

@ KpToruDziewu

SIKatoKossut
)

[
MpKrakBulwar

Pkl\gieIPogodn

Fig.1 The location of the air quality monitoring stations in Poland used in the experiment

of-the-art algorithms: exponential smoothing, Holt-Winters
exponential smoothing, autoregressive integrated moving
average (ARIMA), and random forest. Exponential smooth-
ing is a simple yet effective technique for forecasting time
series data by weighting recent observations more heavily,
making it suitable for short-term predictions. Holt-Winters
exponential smoothing extends this approach by utilizing
seasonality and trends, making it particularly relevant for
capturing cyclical patterns in air quality data. ARIMA is
a widely applied statistical method for time series analy-
sis, offering a benchmark for assessing the improvements
provided by deep learning models in handling temporal
dependencies. Random forest, on the other hand, represents
a traditional machine learning approach that has demon-
strated effectiveness in various predictive tasks, including air
pollution forecasting, due to its ability to handle nonlinear
relationships and high-dimensional data. These algorithms
were chosen because they are well-established in the field,
allowing us to demonstrate the advantages of our deep
learning-based methods in terms of accuracy and robustness.
As these algorithms are well-known, they are not described
in detail within this paper.

The hyperparameters for all the proposed networks were
determined experimentally and are generally consistent
across the models. Most networks were trained for 1000
epochs using the Adam optimizer, with a learning rate set
to 0.001. The exception was the VAE, which was trained
for 100 epochs. Dropout was applied to prevent overfitting:
KAN used a dropout rate of 0.3, while TCN used 0.2. The
xLSTM and VAE models did not utilize dropout. The size of
the latent vector z in VAE was equal to the size of the input
data, i.e., 365. The key hyperparameters are summarized in
Table 1.

Table 1 Hyperparameters of the proposed networks

xLSTM KAN TCN VAE
Input (# of values) 3/5/7 3/5/7 3/5/7 —
Output (# of values) 1 1 1 365
Dropout not used 0.3 0.2 not used
Learning rate 0.001 0.001 0.001 0.001
Optimizer Adam Adam Adam Adam
# of epochs 1000 1000 1000 100
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Fig.2 Arsenic forecasts
compared with the original data
(SIKatoKossut)

Fig.3 Cadmium forecasts
compared with the original data
(SIKatoKossut)

Fig.4 Nickel forecasts
compared with the original data
(SIKatoKossut)
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Fig.5 Lead forecasts compared
with the original data
(SIKatoKossut)
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The scripts for the proposed methods and state-of-the-art
algorithms were implemented under Python programming
language with PyTorch framework with Nvidia CUDA sup-
port. The scripts for statistical verification were implemented
in Matlab. Experiments were held on a personal computer
equipped with an Intel Core i5-10400@2.9GHz CPU with
32 gigabytes of RAM and a Nvidia RTX 3060 GPU with 12
gigabytes of video memory.

Forecasting examples—uvisual inspection

Dueto the very large number of forecast models (400 figures),
we skip presenting them in the paper. We only show partial
forecasts for all air pollutants in S1KatoKossut that may be
seen in Figs. 2, 3, 4, 5, and 6.

Visual inspection confirms the reliability of the proposed
methods. For instance, the forecasts of lead concentrations
at the SlKatoKossut air monitoring station generated by

Fig.6 PM( forecasts
compared with the original data
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the XLSTM model almost perfectly overlap with the orig-
inal data, demonstrating a high level of accuracy. A similar
observation is made for cadmium predictions using the VAE
model, where the forecasted values closely match the actual
recorded concentrations. These visual confirmations support
the effectiveness of the proposed forecasting models. On the
other hand, very low prediction accuracy is observed in the
case of Holt exponential smoothing for the concentrations
of the nickel. Detailed numerical analysis of the forecast
models, including error metrics and statistical evaluations,
is presented in the subsequent subsections.

Statistical verification

Statistical verification through hypothesis testing is crucial
in determining whether the analyzed data sets differ signifi-
cantly from each other. In this study, we specifically assessed
whether the original data from GIOS significantly differed

PM10 forecasts in SIKatoKossut
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from the forecasts generated by the proposed deep learn-
ing methods (XLSTM, KAN, TCN, and VAE). Additionally,
we compared our predictions with the forecasts produced by
established state-of-the-art algorithms such as exponential
smoothing, Holt-Winters exponential smoothing, ARIMA,
and random forest. All hypothesis tests were conducted at a
significance level of @ = 0.05. The results of these tests pro-
vide insights into the accuracy and reliability of the proposed
methods in comparison to existing forecasting techniques.

Normality tests

To assess the normality of the analyzed data, we employed
the Shapiro-Wilk test, a widely used method for checking
whether a sample comes from a normally distributed popu-
lation (Shapiro and Wilk 1965). The hypotheses are defined
as follows:

e Ho: The analyzed data follows the standard distribution;
e H;: The analyzed data does not follow the standard dis-
tribution.

To accept or reject the null hypothesis, one should calcu-
late the Shapiro-Wilk test statistic S and then calculate the
p-value (let us further name it shortly p). The p is com-
pared with the significance level, and if greater, then there
is no reason to reject the null hypothesis Hg. Otherwise, the
alternative hypothesis H is accepted. Alternatively, if S is
greater than the test critical value, the Hy might be accepted.

We examined whether the data followed a normal distribu-
tion, using a critical value of 0.07 for the 365 input samples.
The shortened results are presented as Table 2. The complete
results, including p-values and test statistics S, are detailed
in the Appendix (Tables 10, 11, 12, 13, 14, 15, 16, and 17).

The analysis reveals that the null hypothesis o should
be rejected in nearly all cases, as the p-values are consis-
tently around 0.00 and the test statistics S are below the
critical value. Therefore, the data do not adhere to a nor-
mal distribution, necessitating the use of the non-parametric
Kruskal-Wallis ANOVA test for subsequent analysis.

Kruskal-Wallis ANOVA

The non-parametric Kruskal-Wallis ANOVA, or Kruskal-
Wallis one-way analysis of variance for ranks, is used to
compare more than two independent samples to determine
if there are significant differences between their medians.
This test is suitable for data that do not meet the assump-
tions of normality required by parametric tests. It extends
the U Mann—Whitney test to more than two groups. This
test is used for the verification of the insignificance of dif-
ferences of the medians in (k > 2) populations (Kruskal and
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Wallis 1952; Kruskal 1952). The hypotheses for k groups are
defined as follows:

e Hp: 01 =6, = - - = 6 (all the medians are equal);
e H;: Not all medians 0; are equal (j =1,2,...,k).

To determine whether to accept or reject the null hypoth-
esis, the test statistic H must first be calculated, followed
by the computation of the p-value. This p-value is then
compared to the significance level; if it is greater than the
significance level, the null hypothesis H( cannot be rejected.
Conversely, if the p-value is less, the alternative hypothe-
sis H; is supported. Alternatively, one can compare the test
statistic H directly with the critical value. If H exceeds the
critical value, the null hypothesis Ho should be rejected.

Experiment |—forecasts comparison with original data

In this analysis, we perform a statistical comparison of the
medians between the original data and the forecasts produced
by the proposed methods. With a total of 11 groups under
consideration, the degrees of freedom between these groups
are calculated as 11 —1 = 10. The degrees of freedom within
the groups amount to 4459. Consequently, the critical value
for the Kruskal-Wallis ANOVA test is set at 1.83. To validate
the null hypothesis H, the test statistic H must not exceed
this critical value. The detailed results of the Kruskal-Wallis
ANOVA test are provided in Table 3.

Results indicate that in the majority of cases, the val-
ues of the test statistic do not exceed the critical value
of the test, which allows for accepting the hypothesis H.
However, in some cases, the test statistic H is signifi-
cantly greater than the critical value. Such a situation is
observed for cadmium (Cd) (ZpSzczAndrze) and PMig
(DsWalbrzWyso, KpToruDziewu, MpKrakBulwar, PkMiel-
Pogodn, and S1KatoKossut). Therefore, it means that in these
cases, we cannot accept the H, so the data differ significantly
from each other. Checking the detailed tendencies may be
realized with the post hoc analysis. However, we can assume
that in most cases, the forecasts are accurate for almost all
air quality monitoring stations.

Experiment [l—forecasts comparison with original data
and state-of-the-art algorithms

In this study, we conducted a statistical comparison between
the medians of the original data and the forecasts produced by
both the proposed methods and state-of-the-art algorithms.
We examined 15 distinct groups in this analysis, where the
degrees of freedom between groups amount to 15 — 1 = 14,
and the degrees of freedom within groups total 5831. Con-
sequently, the critical value for the Kruskal-Wallis ANOVA
test is 1.67. The results of this test are detailed in Table 4.
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Table 3 Values of test statistic

H of the Kruskal-Wallis As(PMio) Cd(PMio) Ni(PM0) Pb(PMio) PMio

ANOVA test—forecasts DsWalbrzWyso 0.26 0.11 0.15 0.16 2.09

comparison with original data .
KpToruDziewu 0.08 0.64 0.20 0.20 1.57
LuZaganKochaMOB 0.11 0.28 0.14 0.73 0.18
MpKrakBulwar 0.18 0.23 0.59 1.02 6.51
PkMielPogodn 0.25 0.47 0.33 0.78 6.39
S1KatoKossut 0.09 0.14 0.19 0.13 3.38
WmPuszczaBor 0.16 0.34 0.46 1.03 0.41
ZpSzczAndrze 0.34 2.72 0.14 0.44 0.44

The obtained results suggest that in the majority of the
cases, the test statistic H is greater than the critical value
(1.49). The hypothesis Ho might be accepted only on cases
nickel (Ni) and lead (Pb) (KpToruDziewu); cadmium (Cd),
nickel (Ni), and lead (Pb) (LuZaganKochaMOB); lead (Pb)
(MpKrakBulwar); nickel (Ni) (PkMielPogodn); cadmium
(Cd) and lead (Pb) (S1KatoKossut); arsenic (As), cadmium
(Cd), nickel (Ni), and lead (Pb) (WmPuszczaBor); and lead
(Pb) (ZpSzczAndrze). The most challenging was PMjy,
where in all cases the alternative hypothesis #; should be
accepted. To check the specific tendencies, we can perform
the post hoc analysis.

Due to the fact that Kruskal-Wallis ANOVA only gener-
ally indicates, whether the groups differ (or not) significantly
without pointing precise differences, the post hoc analysis
may be calculated in cases, where the H is rejected. The post
hoc indicates the sum of the ranks of the particular groups,
so one may deduce the precise tendencies between them. In
Table 5, the values of the sum of ranks for the particular data
are described.

Results indicate that the sum of ranks between the original
input data and the forecasts generated by the proposed meth-
ods are similar in the case of SIKatoKossut, MpKrakBulwar,
and WmPuszczaBor. However, the sum of ranks for nearly
all air quality stations except WmPuszczaBor for state-of-
the-art algorithms is greater than the original data, which

original data, which confirms their accuracy. To conclude, the
overall number of forecast models generated by the proposed
methods was equal to 400; the number of forecast models by
state-of-the-art algorithms was 160. The number of forecasts
generated by the proposed methods that were statistically dif-
ferent from the original data was 6 (1%); 67 forecast models
(58%) were significantly different by the algorithms from
the literature. This clearly confirms the high accuracy of the
proposed methods.

Results of error measures

To evaluate the performance of the forecasts generated by
both the proposed and state-of-the-art methods, we calculate
several key error metrics: MAE (Eq. 3) and RMSE (Eq. 4).

1 n
MAE:;Z

t=1

Ye — Xt

n

3

where x; is the actual value, y; is a predicted value, and 7 is
the number of observations.

RMSE = vMSE )

where x; is the actual value, y; is a predicted value, and 7 is
the number of observations, and

suggests that their predictions are less accurate. The sum of 1< 5
ranks for the proposed methods is in general similar to the MSE = n Z (1 = 1) ®)
t=1

Table 4 Values of test statistic .

of the Kruskal-Wallis ANOVA As(PM10) CdPMi)  NiPMiw)  Po(PMio)  PMuo

test—forecasts comparison with  pyoya1hrzwyso 483.47 1192.96 122.76 963.41 15.65

original data and state-of-the-art .

algorithms KpToruDziewu 51.87 4291 1.43 0.18 13.47
LuZaganKochaMOB 2.28 0.44 0.96 0.53 3.45
MpKrakBulwar 33.69 39.21 4.76 0.74 41.09
PkMielPogodn 2.85 5.51 0.45 0.78 13.89
SlKatoKossut 5.82 1.13 6.10 0.15 62.01
WmPuszczaBor 0.23 0.27 0.47 1.04 8.61
ZpSzczAndrze 17.94 2.50 3.65 0.34 8.34
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Table 5 Post hoc analysis of the sum of ranks for Experiment I and II

original proposed state-of-the-art
DsWalbrzWyso 2084 2418 4652
KpToruDziewu 2338 2764 3551
LuZaganKochaMOB 2354 2930 3047
MpKrakBulwar 2550 2785 3434
PkMielPogodn 2156 2923 3118
S1KatoKossut 2669 2858 3185
WmPuszczaBor 2727 2947 2906
ZpSzczAndrze 2078 3002 2902

Due to the large number of evaluation tables, we provide
them in the Appendix for clarity. The tables detail the MAE
for each air pollutant at every monitoring station, as shown in
Tables 18, 19, 20, 21, 22,23, 24, and 25. Similarly, Tables 26,
27, 28, 29, 30, 31, 32, and 33 present the RMSE values. The
shortened tables with mean values for MAE and RMSE are
presented as Tables 6 and 8.

MAE analysis

In Table 6, the mean values of MAE may be observed, both for
all the proposed methods and state-of-the-art algorithms. In
Table 7, the MAE values per each air pollutant are presented.

For all cases, the proposed methods achieved lower MAE
values than state-of-the-art algorithms. According to the
minimum and maximum values of the concentration of the
particular air pollutants, we may find such results satisfactory.
For the proposed methods, the MAE values obtained 2.58,
maximally (for SIKatoKossut), while algorithms from the lit-
erature mostly exceeded the value of 2.00, usually reaching
up to 3.50-4.00. The highest MAE value for state-of-the-
art is observed for S1KatoKossut (4.13). Lower MAE value
greater accuracy of the proposed methods over the algorithms
from the literature. Detailed MAE values for each air pollu-

Table 6 Average MAE error metrics for all air pollutants for the pro-
posed and state-of-the-art methods from all the air quality monitoring
stations

Proposed State-of-the-art
DsWalbrzWyso 241 3.84
KpToruDziewu 2.17 2.64
LuZaganKochaMOB 1.70 2.07
MpKrakBulwar 2.54 3.33
PkMielPogodn 1.49 1.61
S1KatoKossut 2.58 4.13
WmPuszczaBor 1.31 1.47
ZpSzczAndrze 1.54 2.11
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Table 7 Average MAE error metrics per each air pollutant; exp. sm.
denotes exponential smoothing algorithm; exp. (Holt) denotes Holt-
Winters exponential smoothing algorithm; ARIMA stands for autore-
gressive integrated moving average algorithm; r. forest denotes the
random forest algorithm

Method As(PMjp) Cd(PMjgp) Ni(PM;g) Pb(PM;y) PMg
DsWalbrzWyso

xLSTM 0.31 0.07 0.24 0.01 11.54
KAN 0.24 0.05 0.24 0.00 9.74
TCN 0.25 0.05 0.24 0.00 9.82
VAE 0.44 0.05 0.24 0.00 10.20
exp. sm 2.69 1.00 1.19 0.15 15.21
exp. (Holt) 1.75 1.01 1.11 0.15 15.00
ARIMA 1.74 1.01 1.37 0.15 14.81
r. forest 1.75 1.01 1.06 0.15 14.46
KpToruDziewu

xLSTM 0.12 0.03 0.51 0.00 9.74
KAN 0.09 0.02 0.45 0.00 8.52
TCN 0.09 0.02 0.45 0.00 8.61
VAE 0.10 0.02 0.46 0.00 9.20
exp. sm 0.65 0.14 1.35 0.00 10.78
exp. (Holt) 0.60 0.01 0.28 0.00 11.50
ARIMA 0.54 0.10 1.42 0.00 11.86
r. forest 0.48 0.12 1.38 0.00 11.66
LuZaganKochaMOB

xLSTM 0.73 0.04 0.33 0.00 6.95
KAN 0.65 0.04 0.34 0.00 5.94
TCN 0.66 0.04 0.33 0.00 597
VAE 0.65 0.04 0.33 0.00 6.14
exp. sm 232 0.06 1.04 0.00 7.56
exp. (Holt) 2.23 0.02 1.07 0.00 8.20
ARIMA 0.00 0.00 1.03 0.00 7.76
r. forest 1.15 0.07 0.51 0.00 8.27
MpKrakBulwar

xLSTM 0.15 0.08 0.26 0.00 12.16
KAN 0.12 0.06 0.19 0.00 11.25
TCN 0.12 0.06 0.19 0.00 11.16
VAE 0.12 0.06 0.19 0.00 10.92
exp. sm 0.67 0.32 0.49 0.00 14.99
exp. (Holt) 0.65 0.30 0.51 0.00 15.12
ARIMA 0.63 0.25 0.51 0.00 14.67
r. forest 0.64 0.26 0.35 0.01 16.19
PkMielPogodn

xLSTM 0.07 0.03 0.18 0.00 7.57
KAN 0.05 0.03 0.14 0.00 6.55
TCN 0.05 0.03 0.14 0.00 6.26
VAE 0.05 0.03 0.16 0.00 7.52
exp. sm 0.23 0.15 0.23 0.00 7.92
exp. (Holt) 0.03 0.01 0.09 0.00 9.10
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Table 7 continued

Method As(PMjg) Cd(PM;o) Ni(PM;9) Pb(PM;g) PMg
ARIMA 0.01 0.01 0.53 0.00 5.65
r. forest 0.07 0.16 0.54 0.00 7.44
SlKatoKossut

xLSTM 0.23 0.21 1.46 0.01 9.93
KAN 0.19 0.19 1.35 0.01 9.01
TCN 0.19 0.19 1.45 0.01 9.03
VAE 0.19 0.19 1.41 0.01 9.12
exp. sm 0.51 0.28 6.51 0.01 15.07
exp. (Holt) 0.59 0.10 6.70 0.00 15.83
ARIMA 0.08 0.53 0.50 0.00 17.01
r. forest 0.35 0.54 2.26 0.01 15.75
WmPuszczaBor

xLSTM 0.05 0.02 0.16 0.00 5.71
KAN 0.04 0.02 0.13 0.00 5.35
TCN 0.04 0.02 0.13 0.00 5.38
VAE 0.04 0.01 0.13 0.00 5.62
exp. sm 0.05 0.02 0.20 0.00 6.36
exp. (Holt) 0.02 0.01 0.08 0.00 8.00
ARIMA 0.01 0.01 0.05 0.00 7.25
r. forest 0.07 0.03 0.23 0.00 7.08
ZpSzczAndrze

xLSTM 0.06 0.00 0.45 0.00 6.69
KAN 0.04 0.00 0.32 0.00 5.65
TCN 0.04 0.02 0.32 0.00 5.74
VAE 0.04 0.00 0.34 0.00 6.46
exp. sm 0.22 0.01 1.32 0.00 9.35
exp. (Holt) 0.22 0.00 1.38 0.00 9.67
ARIMA 0.22 0.00 0.14 0.00 9.09
r. forest 0.20 0.01 1.47 0.00 8.91

tant from every air quality monitoring station may be seen in
the Appendix as Tables 18-25.

RMSE analysis

The mean values of RMSE for the proposed methods and
algorithms from the literature are shown in Table 8. The
RMSE values per each air pollutant are presented in Table 9.

The proposed methods achieved lower values of RMSE
measure than state-of-the-art algorithms in all cases. The low-
est values are observed for WmPuszczaBor—1.81 for the
proposed methods. The highest values for the algorithms
from the literature obtained were 4.88, 4.09, and 5.41, for
DsWalbrzWyso, MpKrakBulwar, and SIKatoKossut, respec-
tively. Lower RMSE values denote more accurate forecasts.

Table 8 Average RMSE error metrics for all air pollutants for the pro-
posed and state-of-the-art methods from all the air quality monitoring
stations

proposed state-of-the-art
DsWalbrzWyso 3.70 4.88
KpToruDziewu 3.26 3.49
LuZaganKochaMOB 2.59 2.88
MpKrakBulwar 3.46 4.09
PkMielPogodn 2.12 2.18
SlKatoKossut 391 5.41
WmPuszczaBor 1.81 1.95
ZpSzczAndrze 221 2.69

Table 9 Average RMSE error metrics per each air pollutant; exp. sm.
denotes exponential smoothing algorithm; exp. (Holt) denotes Holt-
Winters exponential smoothing algorithm; ARIMA stands for autore-
gressive integrated moving average algorithm; r. forest denotes the
random forest algorithm

Method As(PMjp) Cd(PMjp) Ni(PMjp) Pb(PMj9) PMjo
DsWalbrzWyso

xLSTM 0.31 0.07 0.24 0.01 11.54
KAN 0.24 0.05 0.24 0.00 9.74
TCN 0.25 0.05 0.24 0.00 9.82
VAE 0.44 0.05 0.24 0.00 10.20
exp. sm 2.69 1.00 1.19 0.15 15.21
exp. (Holt) 1.75 1.01 1.11 0.15 15.00
ARIMA 1.74 1.01 1.37 0.15 14.81
r. forest 1.75 1.01 1.06 0.15 14.46
KpToruDziewu

xLSTM 0.12 0.03 0.51 0.00 9.74
KAN 0.09 0.02 0.45 0.00 8.52
TCN 0.09 0.02 0.45 0.00 8.61
VAE 0.10 0.02 0.46 0.00 9.20
exp. sm 0.65 0.14 1.35 0.00 10.78
exp. (Holt) 0.60 0.01 0.28 0.00 11.50
ARIMA 0.54 0.10 1.42 0.00 11.86
r. forest 0.48 0.12 1.38 0.00 11.66
LuZaganKochaMOB

xLSTM 0.73 0.04 0.33 0.00 6.95
KAN 0.65 0.04 0.34 0.00 5.94
TCN 0.66 0.04 0.33 0.00 597
VAE 0.65 0.04 0.33 0.00 6.14
exp. sm 232 0.06 1.04 0.00 7.56
exp. (Holt) 2.23 0.02 1.07 0.00 8.20
ARIMA 0.00 0.00 1.03 0.00 7.76
r. forest 1.15 0.07 0.51 0.00 8.27
MpKrakBulwar

xLSTM 0.15 0.08 0.26 0.00 12.16
KAN 0.12 0.06 0.19 0.00 11.25
TCN 0.12 0.06 0.19 0.00 11.16
VAE 0.12 0.06 0.19 0.00 10.92
exp. sm 0.67 0.32 0.49 0.00 14.99
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Table 9 continued

Method AS(PMlo) Cd(PMlo) Ni(leo) pb(PMlo) PM[O
exp. (Holt) 0.65 0.30 0.51 0.00 15.12
ARIMA 0.63 0.25 0.51 0.00 14.67
r. forest 0.64 0.26 0.35 0.01 16.19
PkMielPogodn

xLSTM 0.07 0.03 0.18 0.00 7.57
KAN 0.05 0.03 0.14 0.00 6.55
TCN 0.05 0.03 0.14 0.00 6.26
VAE 0.05 0.03 0.16 0.00 7.52
exp. sm 0.23 0.15 0.23 0.00 7.92
exp. (Holt) 0.03 0.01 0.09 0.00 9.10
ARIMA 0.01 0.01 0.53 0.00 5.65
r. forest 0.07 0.16 0.54 0.00 7.44
SIKatoKossut

xLSTM 0.23 0.21 1.46 0.01 9.93
KAN 0.19 0.19 1.35 0.01 9.01
TCN 0.19 0.19 1.45 0.01 9.03
VAE 0.19 0.19 1.41 0.01 9.12
exp. sm 0.51 0.28 6.51 0.01 15.07
exp. (Holt) 0.59 0.10 6.70 0.00 15.83
ARIMA 0.08 0.53 0.50 0.00 17.01
r. forest 0.35 0.54 2.26 0.01 15.75
WmPuszczaBor

xLSTM 0.05 0.02 0.16 0.00 5.71
KAN 0.04 0.02 0.13 0.00 5.35
TCN 0.04 0.02 0.13 0.00 5.38
VAE 0.04 0.01 0.13 0.00 5.62
exp. sm 0.05 0.02 0.20 0.00 6.36
exp. (Holt) 0.02 0.01 0.08 0.00 8.00
ARIMA 0.01 0.01 0.05 0.00 7.25
r. forest 0.07 0.03 0.23 0.00 7.08
ZpSzczAndrze

xLSTM 0.06 0.00 0.45 0.00 6.69
KAN 0.04 0.00 0.32 0.00 5.65
TCN 0.04 0.02 0.32 0.00 5.74
VAE 0.04 0.00 0.34 0.00 6.46
exp. sm 0.22 0.01 1.32 0.00 9.35
exp. (Holt) 0.22 0.00 1.38 0.00 9.67
ARIMA 0.22 0.00 0.14 0.00 9.09
r. forest 0.20 0.01 1.47 0.00 8.91

Proposed methods mostly achieved the value RMSE equal
to 3.50—4.0. Detailed RMSE values for each air pollutant
from every air quality monitoring station may be seen in the
Appendix as Tables 26-33.

Discussion

Air pollution forecasting is crucial for protecting public
health and the environment by providing early warnings of
high pollution periods and enabling preventive measures,
such as limiting outdoor activities or imposing temporary
emission regulations. Accurate forecasts generated by the
proposed models support environmental policies by facilitat-
ing proactive actions, such as traffic restrictions, temporary
industrial reductions, and the issuance of alerts during pollu-
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tion episodes. These forecasts also strengthen public health
interventions by informing vulnerable populations, including
children, the elderly, and individuals with respiratory condi-
tions, about periods of elevated pollution levels, enabling
them to take protective measures. On a broader scale, long-
term forecasts offer valuable insights for urban planning,
such as optimizing green spaces or targeting emission reduc-
tions in specific areas. These capabilities underline the
societal and environmental importance of forecasting sys-
tems, which are essential for improving air quality, protecting
public health, and addressing the pressing need for data-
driven solutions to combat air pollution in Poland.

While the proposed methods demonstrate high accuracy
in forecasting particulate matter concentrations, it is essential
to acknowledge certain limitations. The reliance on data from
eight cities in Poland may introduce regional biases, poten-
tially affecting the generalizability of the models to other
areas with different pollution sources or environmental con-
ditions. Additionally, the absence of data preprocessing steps,
although simplifying the pipeline, may lead to the inclusion
of noise or anomalies that could influence the predictions.
Another potential limitation concerns the analysis of meteo-
rological data included in the forecasting models. Utilizing
meteorological data in air pollution forecasting models is cru-
cial for capturing the complex interactions between weather
conditions and pollutant dispersion. Factors such as wind
speed and direction play a significant role in transporting
particulate matter, potentially spreading pollution over long
distances or concentrating it in specific areas. Similarly, tem-
perature and humidity can influence chemical reactions in the
atmosphere, affecting the formation and dissipation of pol-
lutants. Precipitation, on the other hand, can aid in removing
particulate matter from the air, leading to temporary improve-
ments in air quality. By integrating such meteorological
variables, forecasting models could provide more accurate
and context-aware predictions, offering valuable insights into
how weather patterns exacerbate pollution episodes. This
approach would enhance the applicability of the proposed
methods, ensuring more comprehensive support for air qual-
ity management and public health interventions.

Summary

In this subsection, we have provided a detailed evalua-
tion of the proposed forecasting methods through extensive
experimentation. This evaluation encompassed both statisti-
cal hypothesis testing and error measure analysis. The results
from the Kruskal-Wallis ANOVA, enhanced with post hoc
analysis, demonstrated that the forecasts generated by our
proposed methods are highly accurate when compared to the
original data. This analysis also revealed that traditional algo-
rithms from the literature generally exhibit lower accuracy.
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The assessment of error metrics, including MAE and
RMSE, further validated the effectiveness of the proposed
methods. Across all evaluated scenarios, the proposed meth-
ods consistently yielded lower error values compared to the
state-of-the-art algorithms, underscoring their better perfor-
mance.

Overall, the analysis confirms that the proposed methods
are reliable and effective for estimating pollutant concen-
trations, particularly when original data is unavailable. This
capability is crucial for scenarios where air quality data might
be missing due to technical issues at monitoring stations.
Accurate prediction of air pollutant concentrations plays a
vital role in air quality management, public health protec-
tion, and environmental education.

Conclusion

In this paper, we have dealt with forecasting the con-
centrations of particulate matter 10 and its four selected
components in eight cities in Poland. We have proposed
four deep learning-based methods for forecasting, which
included xLSTM, KAN, TCN, and VAE. The proposed
methods were used on different configurations. Extensive
experimental evaluation, combining statistical hypotheses
verification and error measures for 400 forecast models,
confirmed high prediction accuracy. Moreover, experiments
revealed the advantage of the proposed methods over several
state-of-the-art algorithms from the literature.

The findings of this study demonstrate the potential of
advanced deep learning models to provide accurate and
timely forecasts of particulate matter concentrations, which
can significantly enhance practical applications in urban

planning and public health. These forecasts offer policymak-
ers actionable insights for implementing targeted measures,
such as traffic restrictions or temporary industrial limitations,
during periods of elevated pollution. Additionally, public
health systems can utilize these predictions to issue early
warnings, enabling vulnerable populations to take precau-
tionary actions. Furthermore, long-term forecasts generated
by the proposed methods can inform urban planning deci-
sions, such as optimizing green spaces, improving city
layouts to reduce emissions, and strategically locating pol-
lution monitoring stations. By linking these findings to
real-world applications, the study underscores the tangible
benefits of data-driven approaches in addressing air quality
challenges and safeguarding public health.

In future work, we plan to test the models on datasets
from regions with different industrial activities, urban den-
sities, or environmental policies, expecting valuable insights
into their robustness and versatility. The experiments may
be conducted based on data from different countries, where
air pollution is varied. Another promising direction involves
integrating real-time data streams, such as meteorological
parameters, traffic flow, and industrial activity, to enhance the
models’ predictive capabilities and responsiveness. Utilizing
these dynamic data sources could improve the timeliness and
accuracy of forecasts, making them even more effective for
real-world applications.

Appendix A

A.1 Normality tests

Table 10 Normality tests for all air pollutants in DsWalbrzWyso air quality monitoring station

As(PMjo) Cd(PM) Ni(PMjp) Pb(PM) PM;o

h p S h p S h p S h p S h p S
original 1 0.00 0.80 1 0.00 0.76 1 0.00 0.53 1 0.00 0.41 1 0.00 0.78
xLSTM 3 1 0.00 0.83 1 0.00 0.80 1 0.00 0.62 1 0.00 0.42 1 0.00 0.78
xLSTM 5 1 0.00 0.83 1 0.00 0.79 1 0.00 0.57 1 0.00 0.48 1 0.00 0.77
xLSTM 7 1 0.00 0.85 1 0.00 0.80 1 0.00 0.61 1 0.00 0.36 1 0.00 0.79
KAN 3 1 0.00 0.82 1 0.00 0.77 1 0.00 0.55 1 0.00 0.37 1 0.00 0.92
KAN 5 1 0.00 0.81 1 0.00 0.77 1 0.00 0.55 1 0.00 0.40 1 0.00 0.91
KAN 7 1 0.00 0.82 1 0.00 0.77 1 0.00 0.54 1 0.00 0.42 1 0.00 0.91
TCN 3 1 0.00 0.83 1 0.00 0.78 1 0.00 0.54 1 0.00 0.35 1 0.00 0.88
TCN 5 1 0.00 0.82 1 0.00 0.77 1 0.00 0.55 1 0.00 0.35 1 0.00 0.90
TCN 7 1 0.00 0.82 1 0.00 0.78 1 0.00 0.54 1 0.00 0.38 1 0.00 0.89
VAE 1 0.00 0.82 1 0.00 0.77 1 0.00 0.54 1 0.00 0.41 1 0.00 0.90
exp. sm 1 0.00 0.95 1 0.00 0.96 1 0.00 0.96 1 0.00 0.47 1 0.00 0.96
exp. (Holt) 1 0.00 0.96 1 0.00 0.97 1 0.00 0.95 1 0.00 0.46 1 0.00 0.96
ARIMA 1 0.00 0.96 1 0.00 0.95 1 0.00 0.97 1 0.00 0.47 1 0.00 0.96
r. forest 1 0.00 0.95 1 0.00 0.95 1 0.00 0.96 1 0.00 0.46 1 0.00 0.95
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Table 11 Normality tests for all air pollutants in KpToruDziewu air quality monitoring station

As(PMio) Cd(PMio) Ni(PMio) Pb(PMio) PM;o

h p S h p S h p S h p S h p S
original 1 0.00 0.63 1 0.00 0.61 1 0.00 0.78 1 0.00 0.91 1 0.00 0.81
xLSTM 3 1 0.00 0.68 1 0.00 0.66 1 0.00 0.81 1 0.00 0.15 1 0.00 0.83
xLSTM 5 1 0.00 0.68 1 0.00 0.71 1 0.00 0.79 0 0.16 0.99 1 0.00 0.82
xLSTM 7 1 0.00 0.70 1 0.00 0.67 1 0.00 0.80 0 0.78 1.00 1 0.00 0.82
KAN 3 1 0.00 0.63 1 0.00 0.63 1 0.00 0.80 1 0.00 0.92 1 0.00 0.94
KAN 5 1 0.00 0.64 1 0.00 0.62 1 0.00 0.80 1 0.00 0.92 1 0.00 0.93
KAN 7 1 0.00 0.63 1 0.00 0.64 1 0.00 0.79 1 0.00 0.93 1 0.00 0.94
TCN 3 1 0.00 0.63 1 0.00 0.64 1 0.00 0.80 1 0.00 0.92 1 0.00 0.90
TCN 5 1 0.00 0.63 1 0.00 0.63 1 0.00 0.80 1 0.00 0.92 1 0.00 0.91
TCN 7 1 0.00 0.63 1 0.00 0.66 1 0.00 0.79 1 0.00 0.92 1 0.00 0.92
VAE 1 0.00 0.63 1 0.00 0.63 1 0.00 0.80 1 0.00 0.93 1 0.00 0.92
exp. sm 1 0.00 0.96 1 0.00 0.95 1 0.00 0.95 1 0.00 0.96 1 0.00 0.95
exp. (Holt) 1 0.00 0.95 1 0.00 0.69 1 0.00 0.81 1 0.00 0.92 1 0.00 0.95
ARIMA 1 0.00 0.94 1 0.00 0.86 1 0.00 0.94 1 0.00 0.91 1 0.00 0.95
r. forest 1 0.00 0.95 1 0.00 0.89 1 0.00 0.95 1 0.00 0.95 1 0.00 0.95

Table 12 Normality tests for all air pollutants in LuZaganKochaMOB air quality monitoring station

As(PMjo) Cd(PM) Ni(PMo) Pb(PM) PMjo

h p S h p S h p S h p S h p S
original 1 0.00 0.75 1 0.00 0.57 1 0.00 0.42 1 0.00 0.86 1 0.00 0.88
xLSTM 3 1 0.00 0.76 1 0.00 0.63 1 0.00 0.47 1 0.02 0.99 1 0.00 0.86
xLSTM 5 1 0.00 0.76 1 0.00 0.63 1 0.00 0.46 1 0.01 0.99 1 0.00 0.88
xLSTM 7 1 0.00 0.75 1 0.00 0.65 1 0.00 0.44 1 0.00 0.94 1 0.00 0.86
KAN 3 1 0.00 0.74 1 0.00 0.62 1 0.00 0.45 1 0.00 0.87 1 0.00 0.92
KAN 5 1 0.00 0.76 1 0.00 0.60 1 0.00 0.45 1 0.00 0.87 1 0.00 0.94
KAN 7 1 0.00 0.74 1 0.00 0.64 1 0.00 0.42 1 0.00 0.88 1 0.00 0.93
TCN 3 1 0.00 0.75 1 0.00 0.62 1 0.00 0.45 1 0.00 0.87 1 0.00 0.90
TCN 5 1 0.00 0.76 1 0.00 0.60 1 0.00 0.45 1 0.00 0.86 1 0.00 0.92
TCN 7 1 0.00 0.74 1 0.00 0.64 1 0.00 0.43 1 0.00 0.88 1 0.00 0.90
VAE 1 0.00 0.74 1 0.00 0.61 1 0.00 0.45 1 0.00 0.87 1 0.00 0.91
exp. sm 1 0.00 0.89 1 0.00 0.63 1 0.00 0.90 1 0.00 0.86 1 0.00 0.96
exp. (Holt) 1 0.00 0.93 1 0.00 0.60 1 0.00 0.95 1 0.00 0.88 1 0.00 0.96
ARIMA 1 0.00 0.75 1 0.00 0.57 1 0.00 0.93 1 0.00 0.86 1 0.00 0.95
r. forest 1 0.00 0.73 1 0.00 0.58 1 0.00 0.44 1 0.00 0.84 1 0.00 0.95
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Table 13 Normality tests for all air pollutants in MpKrakBulwar air quality monitoring station

As(PMj0) Cd(PMo) Ni(PM;0) Pb(PMio) PMio

h p S h p S h p S h p S h p S
original 1 0.00 0.74 1 0.00 0.86 1 0.00 0.96 1 0.00 0.79 1 0.00 0.90
xLSTM 3 1 0.00 0.79 1 0.00 0.88 1 0.00 0.96 1 0.00 0.85 1 0.00 0.89
xLSTM 5 1 0.00 0.77 1 0.00 0.85 1 0.00 0.97 1 0.00 0.78 1 0.00 0.90
xLSTM 7 1 0.00 0.79 1 0.00 0.90 1 0.00 0.97 1 0.00 0.76 1 0.00 0.89
KAN 3 1 0.00 0.75 1 0.00 0.87 1 0.00 0.96 1 0.00 0.81 1 0.00 0.91
KAN 5 1 0.00 0.74 1 0.00 0.86 1 0.00 0.97 1 0.00 0.80 1 0.00 0.90
KAN 7 1 0.00 0.74 1 0.00 0.88 1 0.00 0.96 1 0.00 0.80 1 0.00 0.91
TCN 3 1 0.00 0.75 1 0.00 0.88 1 0.00 0.96 1 0.00 0.80 1 0.00 0.81
TCN 5 1 0.00 0.75 1 0.00 0.87 1 0.00 0.96 1 0.00 0.80 1 0.00 0.84
TCN 7 1 0.00 0.74 1 0.00 0.88 1 0.00 0.96 1 0.00 0.81 1 0.00 0.83
VAE 1 0.00 0.75 1 0.00 0.87 1 0.00 0.96 1 0.00 0.80 1 0.00 0.79
exp. sm 1 0.00 0.94 1 0.00 0.91 1 0.00 0.95 1 0.00 0.80 1 0.00 0.95
exp. (Holt) 1 0.00 0.95 1 0.00 0.94 1 0.00 0.95 1 0.00 0.80 1 0.00 0.95
ARIMA 1 0.00 0.95 1 0.00 0.95 1 0.00 0.95 1 0.00 0.79 1 0.00 0.96
r. forest 1 0.00 0.95 1 0.00 0.96 1 0.00 0.96 1 0.00 0.82 1 0.00 0.96
Table 14 Normality tests for all air pollutants in PkMielPogodn air quality monitoring station

As(PMjp) Cd(PMyy) Ni(PMjp) Pb(PM|y) PMjo

h p S h p S h p S h p S h p S
original 1 0.00 0.31 1 0.00 0.86 1 0.00 0.38 1 0.00 0.93 1 0.00 0.89
xLSTM 3 1 0.00 0.45 1 0.00 0.88 1 0.00 0.42 1 0.00 0.98 1 0.00 0.91
xLSTM 5 1 0.00 0.50 1 0.00 0.88 1 0.00 0.43 1 0.00 0.45 1 0.00 0.88
xLSTM 7 1 0.00 0.52 1 0.00 0.89 1 0.00 0.42 1 0.00 0.60 1 0.00 0.92
KAN 3 1 0.00 0.34 1 0.00 0.87 1 0.00 0.39 1 0.00 0.94 1 0.00 0.93
KAN 5 1 0.00 0.32 1 0.00 0.87 1 0.00 0.39 1 0.00 0.94 1 0.00 0.90
KAN 7 1 0.00 0.34 1 0.00 0.88 1 0.00 0.37 1 0.00 0.94 1 0.00 0.92
TCN 3 1 0.00 0.34 1 0.00 0.87 1 0.00 0.40 1 0.00 0.93 1 0.00 0.84
TCN 5 1 0.00 0.32 1 0.00 0.86 1 0.00 0.39 1 0.00 0.94 1 0.00 0.85
TCN 7 1 0.00 0.34 1 0.00 0.88 1 0.00 0.38 1 0.00 0.94 1 0.00 0.85
VAE 1 0.00 0.34 1 0.00 0.87 1 0.00 0.39 1 0.00 0.94 1 0.00 0.82
exp. sm 1 0.00 0.95 1 0.00 0.96 1 0.00 0.47 1 0.00 0.93 1 0.00 0.96
exp. (Holt) 1 0.00 0.38 1 0.00 0.88 1 0.00 0.44 1 0.00 0.93 1 0.00 0.95
ARIMA 1 0.00 0.31 1 0.00 0.86 1 0.00 0.96 1 0.00 0.93 1 0.00 0.90
r. forest 1 0.00 0.33 1 0.00 0.94 1 0.00 0.96 1 0.00 0.93 1 0.00 0.90

@ Springer



Environmental Science and Pollution Research

Table 15 Normality tests for all air pollutants in SIKatoKossut air quality monitoring station

As(PMio) Cd(PMio) Ni(PMio) Pb(PMo) PMg

h p S h p S h p S h p S h p S
original 1 0.00 0.84 1 0.00 0.83 1 0.00 0.58 1 0.00 0.93 1 0.00 0.93
xLSTM 3 1 0.00 0.84 1 0.00 0.82 1 0.00 0.65 1 0.00 0.91 1 0.00 0.92
xLSTM 5 1 0.00 0.86 1 0.00 0.84 1 0.00 0.65 1 0.00 0.89 1 0.00 0.93
xLSTM 7 1 0.00 0.86 1 0.00 0.82 1 0.00 0.70 1 0.00 0.90 1 0.00 0.92
KAN 3 1 0.00 0.82 1 0.00 0.82 1 0.00 0.66 1 0.00 0.89 1 0.00 0.89
KAN 5 1 0.00 0.84 1 0.00 0.82 1 0.00 0.64 1 0.00 0.89 1 0.00 0.91
KAN 7 1 0.00 0.83 1 0.00 0.82 1 0.00 0.71 1 0.00 0.89 1 0.00 0.91
TCN 3 1 0.00 0.83 1 0.00 0.84 1 0.00 0.67 1 0.00 0.90 1 0.00 0.85
TCN 5 1 0.00 0.84 1 0.00 0.84 1 0.00 0.64 1 0.00 0.88 1 0.00 0.85
TCN 7 1 0.00 0.83 1 0.00 0.82 1 0.00 0.72 1 0.00 0.89 1 0.00 0.84
VAE 1 0.00 0.82 1 0.00 0.83 1 0.00 0.65 1 0.00 0.89 1 0.00 0.83
exp. sm 1 0.00 0.95 1 0.00 0.88 1 0.00 0.75 1 0.00 0.97 1 0.00 0.96
exp. (Holt) 1 0.00 0.96 1 0.00 0.83 1 0.00 0.76 1 0.00 0.94 1 0.00 0.96
ARIMA 1 0.00 0.84 1 0.00 0.95 1 0.00 0.58 1 0.00 0.93 1 0.00 0.95
r. forest 1 0.00 0.82 1 0.00 0.96 1 0.00 0.57 1 0.00 0.94 1 0.00 0.96

Table 16 Normality tests for all air pollutants in WmPuszczaBor air quality monitoring station

As(PMjp) Cd(PMyo) Ni(PM) Pb(PMo) PM;o

h p S h p S h p S h p S h p S
original 1 0.00  0.88 1 0.00  0.89 1 0.00 093 1 0.00  0.84 1 0.00  0.84
XxLSTM 3 1 0.00  0.86 1 0.00 092 1 0.00 094 1 0.03 099 1 0.00  0.90
XxLSTM 5 1 0.00  0.90 1 0.00 092 1 0.00 094 1 0.00 092 1 0.00 0091
xLSTM 7 1 0.00  0.84 1 0.00 092 1 0.00 093 1 0.00  0.18 1 0.00  0.89
KAN 3 1 0.00  0.86 1 0.00 092 1 0.00 094 1 0.00  0.89 1 0.00 092
KAN 5 1 0.00  0.87 1 0.00  0.89 1 0.00 093 1 0.00  0.88 1 0.00 0091
KAN7 1 0.00  0.86 1 0.00 092 1 0.00 093 1 0.00 0091 1 0.00 094
TCN 3 1 0.00  0.87 1 0.00  0.89 1 0.00 094 1 0.00  0.86 1 0.00  0.89
TCN 5 1 0.00  0.88 1 0.00  0.88 1 0.00 094 1 0.00  0.87 1 0.00  0.87
TCN 7 1 0.00  0.87 1 0.00  0.90 1 0.00 093 1 0.00  0.88 1 0.00  0.89
VAE 1 0.00  0.86 1 0.00 0091 1 0.00 094 1 0.00  0.90 1 0.00  0.89
exp. sm 1 0.00  0.87 1 0.00 092 1 0.00 093 1 0.00  0.88 1 0.00  0.89
exp. (Holt) 1 0.00 093 1 0.00 094 1 0.00  0.96 1 0.00  0.96 1 0.00  0.96
ARIMA 1 0.00  0.88 1 0.00  0.90 1 0.00 094 1 0.00  0.89 1 0.00 093
r. forest 1 0.00  0.88 1 0.00  0.89 1 0.00 093 1 0.00  0.84 1 0.00  0.96

0.00  0.89 1 0.00 091 1 0.00  0.93 1 0.00  0.88 1 0.00  0.96
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Table 17 Normality tests for all air pollutants in ZpSzczAndrze air quality monitoring station

As(PMio) Cd(PMio) Ni(PMio) Pb(PMio) PM;o

h p S h p S h p S h p S h p S
original 1 0.00 0.25 1 0.00 0.26 1 0.00 0.88 1 0.00 0.87 1 0.00 0.86
xLSTM 3 1 0.00 0.39 1 0.00 0.52 1 0.00 0.91 0 0.10 0.99 1 0.00 0.86
xLSTM 5 1 0.00 0.39 1 0.00 0.28 1 0.00 0.90 1 0.00 0.90 1 0.00 0.87
xLSTM 7 1 0.00 0.41 1 0.00 0.70 1 0.00 0.90 1 0.00 0.98 1 0.00 0.83
KAN 3 1 0.00 0.27 1 0.00 0.30 1 0.00 0.88 1 0.00 0.89 1 0.00 0.93
KAN 5 1 0.00 0.26 1 0.00 0.28 1 0.00 0.88 1 0.00 0.88 1 0.00 0.93
KAN 7 1 0.00 0.27 1 0.00 0.35 1 0.00 0.87 1 0.00 0.89 1 0.00 0.93
TCN 3 1 0.00 0.27 1 0.00 0.30 1 0.00 0.88 1 0.00 0.88 1 0.00 0.90
TCN 5 1 0.00 0.27 1 0.00 0.28 1 0.00 0.88 1 0.00 0.88 1 0.00 0.90
TCN 7 1 0.00 0.27 1 0.00 0.34 1 0.00 0.87 1 0.00 0.89 1 0.00 0.91
VAE 1 0.00 0.27 1 0.00 0.30 1 0.00 0.89 1 0.00 0.89 1 0.00 0.90
exp. sm 1 0.00 0.86 1 0.00 0.33 1 0.00 0.96 1 0.00 0.91 1 0.00 0.94
exp. (Holt) 1 0.00 0.86 1 0.00 0.36 1 0.00 0.95 1 0.00 0.90 1 0.00 0.95
ARIMA 1 0.00 0.87 1 0.00 0.26 1 0.00 0.88 1 0.00 0.87 1 0.00 0.95
r. forest 1 0.00 0.80 1 0.00 0.28 1 0.00 0.94 1 0.00 0.87 1 0.00 0.94

A. 2 Error measures—preliminaries

Symbol markings:

min stands for the minimal value of the concentration of
the selected air pollutant from the data from GIO§;

max stands for the maximum value of the concentration
of the selected air pollutant from the data from GIOS;
A number next to the name of the proposed method
denotes the size of the window (e.g., TCN 3 denotes the
TCN with a window of size 3; KAN 7 denotes the KAN
with a window of size 7);

mean' stands for a mean obtained for all air pollutants
for a selected method (horizontal row);

e mean? denotes the general mean both for the proposed

methods and for state-of-the-art methods (in fact, it is a
mean of mean! );

exp. sm. denotes exponential smoothing algorithm; exp.
(Holt) denotes Holt-Winters exponential smoothing
algorithm; ARIMA stands for autoregressive integrated
moving average algorithm; r. forest denotes the random
forest algorithm.

This information concerns all the tables presented in Sec-

tions “A.2.1 Full MAE results” and “A.2.2 Full RMSE
results.”
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A.2.1 Full MAE results

Table 18 MAE values for DsWalbrzWyso air quality monitoring station

As(PMo) Cd(PM,0) Ni(PMg) Pb(PM ) PM;g mean’ mean?
min 0.50 0.10 0.50 0.00 3.90 — —
max 4.48 1.20 575 0.15 115.90 — —
xLSTM 3 0.45 0.10 0.39 0.01 12.46 2.68 2.68
xLSTM 5 0.31 0.07 0.24 0.01 11.54 243
XxLSTM 7 0.43 0.15 0.56 0.01 12.89 2.81
KAN 3 0.44 0.10 0.40 0.01 10.81 2.35
KAN 5 0.24 0.05 0.24 0.00 9.74 2.05
KAN 7 0.44 0.15 0.57 0.01 11.15 246
TCN 3 0.45 0.10 0.41 0.01 10.94 2.38
TCN 5 0.25 0.05 0.24 0.00 9.82 2.07
TCN 7 0.45 0.15 0.59 0.01 11.61 2.56
VAE 0.44 0.10 0.40 0.01 11.37 246
exp. sm 2.69 1.00 1.19 0.15 15.21 4.05 3.84
exp. (Holt) 1.75 1.01 1.11 0.15 15.00 3.80
ARIMA 1.74 1.01 1.37 0.15 14.81 3.82
r. forest 1.75 1.01 1.06 0.15 14.46 3.69

Table 19 MAE values for KpToruDziewu air quality monitoring station

As(PMo) Cd(PM,0) Ni(PMig) Pb(PM ) PMg mean! mean?
min 0.50 0.10 0.50 0.00 2.00 — —
max 2.87 0.42 7.21 0.02 90.76 — —
xLSTM 3 0.17 0.03 0.78 0.00 10.09 222 222
xLSTM 5 0.12 0.03 0.51 0.00 9.74 2.08
XxLSTM 7 0.18 0.05 1.12 0.00 10.11 2.30
KAN 3 0.17 0.03 0.80 0.00 9.58 2.12
KAN 5 0.09 0.02 0.45 0.00 8.52 1.82
KAN 7 0.16 0.05 1.16 0.00 10.01 2.28
TCN 3 0.16 0.04 0.79 0.00 10.27 225
TCN 5 0.09 0.02 0.45 0.00 8.61 1.83
TCN 7 0.16 0.06 1.16 0.00 10.62 2.40
VAE 0.17 0.03 0.81 0.00 10.53 2.31
exp. sm 0.65 0.14 1.35 0.00 10.78 2.58 2.64
exp. (Holt) 0.60 0.01 0.28 0.00 11.50 248
ARIMA 0.54 0.10 1.42 0.00 11.86 278
r. forest 0.48 0.12 1.38 0.00 11.66 273
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Table 20 MAE values for LuZaganKochaMOB air quality monitoring station

AS(PM]()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PMjo mean' mean2
min 0.50 0.10 0.50 0.00 2.80 — —
max 11.47 1.10 8.03 0.20 64.30 — —
xLSTM 3 1.15 0.07 0.53 0.00 7.22 1.80 1.79
xLSTM 5 0.73 0.04 0.33 0.00 6.95 1.61
xLSTM 7 1.18 0.11 0.79 0.00 7.42 1.90
KAN 3 1.18 0.07 0.57 0.00 6.67 1.70
KAN 5 0.65 0.04 0.34 0.00 5.94 1.39
KAN 7 1.21 0.11 0.78 0.00 7.08 1.84
TCN 3 1.19 0.07 0.59 0.00 6.97 1.76
TCN 5 0.66 0.04 0.33 0.00 5.97 1.40
TCN 7 1.18 0.11 0.78 0.00 7.21 1.86
VAE 1.19 0.07 0.57 0.00 6.95 1.76
exp. sm 232 0.06 1.04 0.00 7.56 2.20 2.07
exp. (Holt) 223 0.02 1.07 0.00 8.20 231
ARIMA 0.00 0.00 1.03 0.00 7.76 1.76
r. forest 1.15 0.07 0.51 0.00 8.27 2.00

Table 21 MAE values for MpKrakBulwar air quality monitoring station

As(PM9) Cd(PM,) Ni(PM0) Pb(PM ) PM;o mean' mean?
min 0.50 0.10 0.50 0.00 5.46 — —
max 3.07 1.29 3.62 0.06 92.19 — —
xLSTM 3 0.23 0.11 0.37 0.01 13.07 276 2.69
xLSTM 5 0.15 0.08 0.26 0.00 12.16 253
xLSTM 7 0.25 0.13 0.52 0.01 13.55 2.89
KAN3 0.22 0.11 0.34 0.01 12.05 2.54
KAN'5 0.12 0.06 0.19 0.00 11.25 233
KAN 7 0.22 0.14 0.52 0.00 12.29 2.64
TCN 3 0.22 0.11 0.34 0.01 11.91 2.52
TCN 5 0.12 0.06 0.19 0.00 11.16 231
TCN 7 0.22 0.14 0.52 0.01 12.36 2.65
VAE 0.22 0.11 0.34 0.01 11.88 251
exp. sm 0.67 0.32 0.49 0.00 14.99 3.30 3.33
exp. (Holt) 0.65 0.30 0.51 0.00 15.12 332
ARIMA 0.63 0.25 0.51 0.00 14.67 321
r. forest 0.64 0.26 0.35 0.01 16.19 3.49
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Table 22 MAE values for PkMielPogodn air quality monitoring station

AS(PM]()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PMjo mean' mean2
min 0.50 0.10 0.50 0.00 8.10 — —
max 1.67 0.65 4.76 0.02 62.11 — —
xLSTM 3 0.09 0.05 0.26 0.00 7.52 1.58 1.53
xLSTM 5 0.07 0.03 0.18 0.00 7.57 1.57
xLSTM 7 0.10 0.08 0.35 0.00 7.66 1.64
KAN 3 0.08 0.04 0.27 0.00 6.33 1.34
KAN 5 0.05 0.03 0.14 0.00 6.55 1.35
KAN 7 0.08 0.08 0.35 0.00 7.05 1.51
TCN 3 0.08 0.04 0.25 0.00 6.88 1.45
TCN 5 0.05 0.03 0.14 0.00 6.26 1.30
TCN 7 0.09 0.08 0.35 0.00 6.67 1.44
VAE 0.08 0.05 0.27 0.00 7.53 1.58
exp. sm 0.23 0.15 0.23 0.00 7.92 1.71 1.61
exp. (Holt) 0.03 0.01 0.09 0.00 9.10 1.85
ARIMA 0.01 0.01 0.53 0.00 5.65 1.24
r. forest 0.07 0.16 0.54 0.00 7.44 1.64

Table 23 MAE values for SIKatoKossut air quality monitoring station

As(PM9) Cd(PM,) Ni(PM0) Pb(PM ) PM;o mean' mean?
min 0.50 0.10 0.50 0.00 5.60 — —
max 4.15 3.09 33.84 0.08 87.30 — —
xLSTM 3 0.36 0.33 2.23 0.01 10.06 2.60 291
xLSTM 5 0.23 0.21 1.46 0.01 9.93 237
xLSTM 7 0.37 0.53 3.02 0.02 10.67 2.92
KAN3 0.34 0.33 2.39 0.01 10.01 2.62
KAN'5 0.19 0.19 1.35 0.01 9.01 2.15
KAN 7 0.34 0.53 321 0.02 10.16 2.85
TCN 3 0.34 033 235 0.01 10.31 2.67
TCN 5 0.19 0.19 1.45 0.01 9.03 2.17
TCN 7 0.34 0.54 3.19 0.02 10.20 2.86
VAE 0.34 0.34 235 0.01 10.15 2.64
exp. sm 0.51 0.28 6.51 0.01 15.07 4.48 4.13
exp. (Holt) 0.59 0.10 6.70 0.00 15.83 4.65
ARIMA 0.08 0.53 0.50 0.00 17.01 3.62
r. forest 0.35 0.54 2.26 0.01 15.75 3.78
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Table 24 MAE values for WmPuszczaBor air quality monitoring station

AS(PM]()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PMjo mean' mean2
min 0.04 0.01 0.04 0.00 3.20 — —
max 1.03 0.26 1.82 0.01 50.02 — —
xLSTM 3 0.07 0.03 0.25 0.00 6.07 1.28 1.33
xLSTM 5 0.05 0.02 0.16 0.00 5.71 1.19
xLSTM 7 0.07 0.04 0.39 0.00 6.66 1.43
KAN 3 0.07 0.03 0.23 0.00 5.90 1.25
KAN 5 0.04 0.02 0.13 0.00 5.35 1.11
KAN 7 0.07 0.05 0.39 0.00 6.59 1.42
TCN 3 0.07 0.03 0.23 0.00 6.38 1.34
TCN 5 0.04 0.02 0.13 0.00 5.38 1.11
TCN 7 0.07 0.05 0.39 0.00 6.96 1.49
VAE 0.07 0.03 0.23 0.00 6.50 1.36
exp. sm 0.05 0.02 0.20 0.00 6.36 1.33 1.47
exp. (Holt) 0.02 0.01 0.08 0.00 8.00 1.62
ARIMA 0.01 0.01 0.05 0.00 7.25 1.47
r. forest 0.07 0.03 0.23 0.00 7.08 1.48

Table 25 MAE values for ZpSzczAndrze air quality monitoring station

As(PM9) Cd(PM,) Ni(PM0) Pb(PM ) PM;o mean' mean?
min 0.50 0.10 0.50 0.00 3.97 — —
max 2.17 0.25 5.37 0.01 63.32 — —
xLSTM 3 0.09 0.01 0.62 0.00 7.33 161 1.65
xLSTM 5 0.06 0.00 0.45 0.00 6.69 1.44
xLSTM 7 0.09 0.02 0.82 0.00 7.45 1.68
KAN3 0.07 0.01 0.55 0.00 7.01 1.53
KAN'5 0.04 0.00 0.32 0.00 5.65 1.20
KAN 7 0.07 0.01 0.82 0.00 7.28 1.64
TCN 3 0.07 0.01 0.56 0.00 7.48 1.62
TCN 5 0.04 0.02 0.32 0.00 5.74 1.22
TCN 7 0.06 0.01 0.81 0.00 7.80 1.74
VAE 0.07 0.01 0.57 0.00 7.67 1.67
exp. sm 0.22 0.01 1.32 0.00 9.35 2.18 2.11
exp. (Holt) 0.22 0.00 1.38 0.00 9.67 225
ARIMA 0.22 0.00 0.14 0.00 9.09 1.89
r. forest 0.20 0.01 1.47 0.00 8.91 2.12
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A.2.2 Full RMSE results

Table 26 RMSE values for DsWalbrzWyso air quality monitoring station

As(PM o) Cd(PM)) Ni(PM) Pb(PM) PMjo mean' mean?
min 0.50 0.10 0.50 0.00 3.90 — —
max 4.48 1.20 5.75 0.15 115.90 — —
xLSTM 3 0.71 0.17 0.94 0.02 18.67 4.10 3.92
xLSTM 5 0.54 0.13 0.67 0.01 17.54 378
XLSTM 7 0.67 0.22 1.16 0.02 18.97 4.21
KAN 3 0.72 0.18 1.00 0.02 15.85 355
KAN'5 0.50 0.12 0.71 0.01 15.28 333
KAN 7 0.72 0.22 1.22 0.02 16.27 3.69
TCN 3 0.72 0.18 1.00 0.02 16.25 3.63
TCN 5 0.50 0.13 0.71 0.01 15.40 3.35
TCN 7 0.72 0.22 1.22 0.02 16.70 378
VAE 0.72 0.18 1.00 0.02 16.55 3.69
exp. sm 2.83 1.05 133 0.17 20.28 5.13 4.88
exp. (Holt) 1.90 1.06 1.27 0.17 19.70 4.82
ARIMA 1.90 1.06 1.49 0.17 19.63 4.85
r. forest 1.91 1.06 1.22 0.17 19.16 4.70

Table 27 RMSE values for KpToruDziewu air quality monitoring station

As(PM o) Cd(PM,) Ni(PMo) Pb(PM0) PMjo mean' mean?
min 0.50 0.10 0.50 0.00 2.00 — —
max 2.87 042 721 0.02 90.76 — —
xLSTM 3 0.37 0.07 1.42 0.00 15.19 341 3.28
xLSTM 5 0.28 0.05 1.05 0.00 15.00 3.28
XLSTM 7 036 0.10 1.78 0.00 14.91 3.43
KAN 3 0.37 0.07 151 0.00 14.13 322
KAN'5 0.27 0.05 1.07 0.00 13.00 2.88
KAN 7 0.37 0.09 1.85 0.00 14.24 331
TCN 3 0.38 0.07 151 0.00 15.00 339
TCN 5 0.27 0.05 1.07 0.00 12.98 2.88
TCN 7 0.37 0.09 1.85 0.00 14.81 3.43
VAE 0.38 0.07 1.52 0.00 14.94 3.38
exp. sm 0.71 0.17 1.70 0.00 14.43 3.40 3.49
exp. (Hol) 0.65 0.04 0.73 0.00 15.30 334
ARIMA 0.59 0.14 1.73 0.00 15.78 3.65
r. forest 0.53 0.15 171 0.00 15.43 357
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Table 28 RMSE values for LuZaganKochaMOB air quality monitoring station

AS(PM[()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PMjo meanl mean2
min 0.50 0.10 0.50 0.00 2.80 — —
max 11.47 1.10 8.03 0.20 64.30 — —
xLSTM 3 2.03 0.14 1.45 0.00 9.90 2.70 2.67
xLSTM 5 1.49 0.10 1.01 0.00 9.78 2.48
xLSTM 7 2.14 0.20 1.82 0.00 10.25 2.88
KAN 3 2.20 0.15 1.54 0.00 8.90 2.56
KAN 5 1.51 0.10 1.10 0.00 8.36 221
KAN 7 2.20 0.21 1.83 0.00 9.39 2.73
TCN 3 2.20 0.15 1.55 0.00 9.46 2.67
TCN 5 1.52 0.10 1.10 0.00 8.56 2.26
TCN 7 2.20 0.21 1.83 0.00 9.65 2.78
VAE 221 0.15 1.54 0.00 9.23 2.63
exp. sm 3.04 0.11 1.73 0.00 10.30 3.04 2.88
exp. (Holt) 2.84 0.07 1.72 0.00 10.76 3.08
ARIMA 0.00 0.00 1.72 0.00 10.66 2.48
r. forest 2.11 0.14 1.39 0.00 11.02 2.93

Table 29 RMSE values for MpKrakBulwar air quality monitoring station

As(PM)) Cd(PM0) Ni(PM) Pb(PM ) PM g mean! mean’
min 0.50 0.10 0.50 0.00 5.46 — —
max 3.07 1.29 3.62 0.06 92.19 — —
xLSTM 3 0.38 0.17 0.54 0.01 17.54 373 3.58
xLSTM 5 0.30 0.13 0.40 0.01 16.47 3.46
xLSTM 7 0.41 0.18 0.67 0.01 17.66 3.79
KAN 3 0.41 0.17 0.53 0.01 16.20 3.47
KAN'5 0.28 0.12 0.37 0.01 15.14 3.18
KAN 7 0.41 0.19 0.68 0.01 16.20 3.50
TCN 3 0.41 0.17 0.54 0.01 16.13 345
TCN 5 0.28 0.12 0.38 0.01 15.13 3.18
TCN 7 0.41 0.19 0.69 0.01 16.49 3.56
VAE 0.41 0.17 0.54 0.01 16.06 3.44
exp. sm 0.81 0.40 0.62 0.01 18.78 4.12 4.09
exp. (Holt) 0.77 0.36 0.64 0.00 18.71 4.10
ARIMA 0.76 0.31 0.63 0.00 17.85 391
r. forest 0.74 0.31 0.53 0.01 19.65 4.25
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Table 30 RMSE values for PkMielPogodn air quality monitoring station

AS(PM]()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PMjo mean' mean2
min 0.50 0.10 0.50 0.00 8.10 — —
max 1.67 0.65 4.76 0.02 62.11 — —
xLSTM 3 0.24 0.08 0.70 0.00 10.15 2.23 2.14
xLSTM 5 0.17 0.06 0.53 0.00 10.13 2.18
xLSTM 7 0.24 0.12 0.86 0.00 10.24 2.29
KAN 3 0.25 0.08 0.73 0.00 8.79 1.97
KAN 5 0.17 0.05 0.51 0.00 8.84 1.92
KAN 7 0.25 0.12 0.88 0.00 9.38 2.13
TCN 3 0.25 0.08 0.71 0.00 9.64 2.14
TCN 5 0.17 0.06 0.50 0.00 8.79 1.90
TCN 7 0.25 0.13 0.88 0.00 9.44 2.14
VAE 0.25 0.08 0.73 0.00 9.93 2.20
exp. sm 0.31 0.18 0.56 0.00 10.02 221 2.18
exp. (Holt) 0.11 0.04 0.35 0.00 11.50 2.40
ARIMA 0.11 0.04 0.89 0.00 8.11 1.83
r. forest 0.24 0.19 0.89 0.00 10.09 2.28

Table 31 RMSE values for SIKatoKossut air quality monitoring station

As(PM)) Cd(PM0) Ni(PM) Pb(PM ) PM g mean! mean”
min 0.50 0.10 0.50 0.00 5.60 — —
max 4.15 3.09 33.84 0.08 87.30 — —
xLSTM 3 0.60 0.57 491 0.02 13.43 3.90 4.23
xLSTM 5 0.43 0.40 3.82 0.01 13.22 3.58
xLSTM 7 0.60 0.81 5.89 0.02 14.16 430
KAN 3 0.60 0.58 5.18 0.02 13.42 3.96
KAN'S 0.44 0.41 3.54 0.01 12.42 336
KAN 7 0.60 0.82 6.09 0.02 13.68 4.24
TCN 3 0.60 0.58 5.10 0.02 13.94 4.05
TCN 5 0.43 0.41 3.61 0.01 12.48 3.39
TCN 7 0.60 0.82 6.06 0.02 13.96 4.29
VAE 0.60 0.58 5.09 0.02 13.78 4.01
exp. sm 0.65 0.44 9.33 0.01 18.06 5.70 5.41
exp. (Holt) 0.73 0.28 9.62 0.01 19.20 5.97
ARIMA 0.30 0.66 2.63 0.01 20.66 4.85
r. forest 0.58 0.68 5.20 0.02 19.14 5.12
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Table 32 RMSE values for WmPuszczaBor air quality monitoring station

AS(PM]()) Cd(PM]()) Ni(PM]o) Pb(PM]o) PM10 mean mean
min 0.04 0.01 0.04 0.00 3.20 — —
max 1.03 0.26 1.82 0.01 50.02 — —
xLSTM 3 0.12 0.05 0.39 0.00 8.56 1.82 1.83
xLSTM 5 0.09 0.04 0.28 0.00 7.90 1.66
xLSTM 7 0.12 0.06 0.54 0.00 9.10 1.96
KAN 3 0.13 0.05 0.39 0.00 8.35 1.78
KAN 5 0.09 0.04 0.28 0.00 7.27 1.53
KAN 7 0.13 0.06 0.54 0.00 8.87 1.92
TCN 3 0.13 0.05 0.39 0.00 8.76 1.87
TCN 5 0.09 0.04 0.28 0.00 7.38 1.56
TCN 7 0.13 0.06 0.54 0.00 9.35 2.02
VAE 0.13 0.05 0.39 0.00 8.97 1.91
exp. sm 0.09 0.04 0.31 0.00 8.81 1.85 1.95
exp. (Holt) 0.06 0.03 0.19 0.00 10.13 2.08
ARIMA 0.06 0.03 0.20 0.00 9.45 1.95
r. forest 0.12 0.05 0.39 0.00 9.04 1.92
Table 33 RMSE values for ZpSzczAndrze air quality monitoring station

As(PMjg) Cd(PMj9) Ni(PMj9) Pb(PMjg) PMio mean mean?
min 0.50 0.10 0.50 0.00 3.97 — —
max 2.17 0.25 5.37 0.01 63.32 — —
xLSTM 3 0.24 0.03 1.03 0.00 10.22 2.30 2.31
xLSTM 5 0.17 0.02 0.79 0.00 9.89 2.17
xLSTM 7 0.23 0.03 1.23 0.00 10.55 2.41
KAN 3 0.24 0.03 0.99 0.00 9.66 2.18
KAN 5 0.16 0.02 0.71 0.00 8.44 1.87
KAN 7 0.24 0.03 1.24 0.00 9.82 227
TCN 3 0.24 0.03 1.00 0.00 10.27 2.31
TCN 5 0.16 0.02 0.72 0.00 8.60 1.90
TCN 7 0.24 0.03 1.23 0.00 10.40 2.38
VAE 0.24 0.03 1.00 0.00 10.38 2.33
exp. sm 0.32 0.02 1.63 0.00 11.82 2.76 2.69
exp. (Holt) 0.31 0.01 1.70 0.00 12.10 2.82
ARIMA 0.31 0.01 0.51 0.00 11.45 2.46
r. forest 0.31 0.03 1.77 0.00 11.50 2.72
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Abstract

Forecasting air pollution concentrations, with a particular focus on particulate matter (PM), is a critical component of
environmental monitoring systems, enabling timely warnings of smog episodes and the implementation of preventive mea-
sures to protect public health. This study introduces a hybrid forecasting approach that combines a transformer-based deep
learning model with symbolic regression to predict weather-dependent PM concentrations. The transformer architecture
is used to capture complex temporal dependencies in meteorological variables influencing PM variability, while symbolic
regression provides interpretable mathematical expressions linking meteorological conditions to PM levels. The proposed
method was evaluated using data from multiple air quality monitoring stations, achieving high predictive accuracy while
maintaining model transparency, and was compared with several state-of-the-art baseline models. The results demonstrate
the efficacy of the proposed approach, achieving an average MAE of approximately 0.10, compared to over 0.20 for the
baseline models, an MSE of around 0.02 versus 0.08, and an RMSE of 0.15 compared to 0.25-0.30 for competing meth-
ods. These results confirm that the proposed hybrid model delivers substantially more accurate forecasts while preserving
interpretability.

Keywords Particulate matter forecasting - Weather-dependent air pollution - Transformer model - Symbolic regression -

Environmental monitoring

1 Introduction

Forecasting the concentration of air pollutants, especially
particulate matter (PM) particles (PM,,, PM, ), is crucial
for air quality management and public health protection. Air
pollution, especially in cities with high population density
and intensive road traffic, has a negative impact on the respi-
ratory and cardiovascular systems, leading to many diseases
and premature deaths. Therefore, forecasting PM concentra-
tion allows for taking preventive measures, such as issuing
warnings about harmful levels of pollution or implementing
appropriate emission regulations. Additionally, forecasts
enable better planning of health policy and monitoring of
the effectiveness of actions aimed at improving air quality.
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Department of Computer Science and Systems Engineering

, Wroctaw University of Science and Technology, Wybrzeze
Wyspianskiego 27, Wroctaw 50-370, Poland
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Modern techniques, such as deep learning, offer the possi-
bility of more accurate and personalized forecasting, taking
into account dynamic changes in meteorological conditions
and other factors influencing the concentration of pollutants.
Such an approach is necessary for the effective protection
of human health and in achieving the goals of sustainable
development in cities Potednik (2022).

Particulate matter (PM) is categorized based on par-
ticle size, which determines its aerodynamic behavior and
health impact. The main fractions include PM10 (particles
smaller than 10 pm), PM2.5 (smaller than 2.5 pm), and
PM1 (smaller than 1 um). Forecasting PM concentrations
employs both classical statistical models and advanced deep
learning methods. While autoregressive models perform
adequately in simple conditions, neural network architec-
tures such as recurrent and convolutional networks are more
effective at capturing complex nonlinear dependencies and
temporal dynamics in air quality data Abirami (2021).

In this study, we propose a hybrid forecasting model
that combines a transformer network with symbolic
regression to predict PM concentrations. The transformer

@ Springer
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component captures complex temporal dependencies
between meteorological factors, while symbolic regres-
sion provides interpretable mathematical expressions
linking these variables to pollutant levels. This approach
enables both high predictive accuracy and model trans-
parency, offering valuable insights into the underlying
mechanisms affecting air quality.

1.1 Contribution

Air pollution forecasting, particularly for PM10 and
PM2.5, remains a challenging problem due to the nonlinear
and dynamic relationships between meteorological factors
and pollutant concentrations. Traditional statistical models
and many deep learning architectures either lack interpret-
ability or struggle to generalize under varying environ-
mental conditions. To address these challenges, this paper
proposes a hybrid method that combines the transformer
architecture with symbolic regression for forecasting PM
concentrations. The transformer effectively captures long-
range temporal dependencies in meteorological data such
as temperature, wind speed, and wind direction, while
symbolic regression provides interpretable mathematical
expressions linking meteorological variables to PM levels.
This integration bridges the gap between high predictive
accuracy and model transparency, offering both strong per-
formance and physical interpretability. The novelty of the
proposed approach lies in coupling a state-of-the-art deep
learning model with an interpretable regression frame-
work, enabling not only precise forecasts but also insights
into the environmental mechanisms driving air pollution.
The method’s effectiveness has been validated on histori-
cal datasets, demonstrating its reliability and potential as a
foundation for further, more comprehensive analyses.

1.2 Organization of the paper

The next section discusses the previous and related works.
In the Sect. 3, the proposed hybrid method is described, in
Sect. 4, the experimental evaluation is performed. Finally,
the last section concludes this work.

2 Previous and related work

Modern approaches to forecasting air pollution include
artificial intelligence techniques, machine learning and
statistical methods. For example, convolutional neural
networks (CNN) combined with long short-term memory
(LSTM) networks Ahmed et al. (2023); Ferrari and Guariso

@ Springer

(2024); He et al. (2023); Muruganandam and Arumugam
(2022); Zhang et al. (2023) often outperform traditional
models. Hybrid methods that combine neural networks,
optimization algorithms, and statistical models are gaining
popularity due to their ability to model complex data rela-
tionships and improve forecast accuracy Du et al. (2022);
Kumar et al. (2021); Neto et al. (2021). Statistical methods
like ARIMA, SARIMA, and linear regression are popu-
lar for predicting air pollutants due to their simplicity and
ability to capture patterns and seasonality Aladag (2021);
Bhatti et al. (2021).

In the work by Nguyen et al. (2024), a hybrid deep learn-
ing model for air quality index (AQI) forecasting, combin-
ing machine learning and statistical methods, is presented.
The model utilizes ARIMA to capture linear dependencies
in the data, followed by a convolutional neural network and
an optimized LSTM network to model nonlinear temporal
dependencies. Final tuning is performed using the XGBoost
model. The obtained results show significant improvement
in forecast accuracy compared to traditional methods, con-
firming the effectiveness of the proposed approach in air
quality prediction.

The study presented by Rosca et al. (2025) presents
a software for forecasting and predicting the air qual-
ity index in urban areas, integrating data on pollutants,
meteorological conditions, and road traffic. The authors
developed and compared 19 predictive models, including
machine learning algorithms, deep learning, and a fore-
casting model based on structural component analysis. The
best results were obtained for the random forest regres-
sion model, achieving R? = 99.59% and very low forecast
errors. The developed solution was implemented in a web
application with an IoT infrastructure and a real-time alert
mechanism.

Kulandhainadar & Krishnamoorthy (2025) proposed a
novel approach to air quality index forecasting by com-
bining the fuzzy center merge labeling graph (FCMLGQG)
method with the Takagi-Sugeno fuzzy inference system
(FIS). The FCMLG approach enables more effective data
fusion and uncertainty reduction compared to traditional
methods. The model, based on data from Delhi from 2015
to 2021, integrates information on pollutants and meteo-
rological parameters, achieving high accuracy with low
error values. The developed approach, combining regres-
sion and classification, achieved 99% prediction accuracy,
confirming its effectiveness in air quality modeling.

In the paper proposed by Ordenshiya and Revathi
(2024), a new air quality index forecasting method based
on a combination of a fuzzy center merge graph with an
optimal fuzzy inference system (FCMG-OP-FIS) and
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machine learning techniques is presented. The proposed
model effectively transforms regression data into classifi-
cation data, integrating pollutant and meteorological data
to improve forecast accuracy. The FCMG-OP-FIS regres-
sion results are then classified using IF-THEN rules and
a random forest classifier model, which achieves 99%
accuracy, precision, and recall. The developed approach
demonstrates high performance in data labeling and AQI
prediction, confirming its usefulness in urban environmen-
tal monitoring and management.

The study presented by Kumar et al. (2025) evaluated the
performance of various machine learning models in predict-
ing the air quality index for Gurugram (India), with respect
to their relevance to achieving the Sustainable Development
Goals (SDGs). Decision tree techniques such as M5P, ran-
dom forest, random tree, and reduced error pruned tree were
analyzed using daily data from the Central Pollution Con-
trol Board. The results confirm that the M5P-T5 model out-
performs the other methods, while the random tree model
was the least effective in predicting AQI.

The work by Ansari and Quaff (2025) concerns the pre-
diction of the hourly air quality index in Azamgarh, Uttar
Pradesh, using deep learning models. The dataset included
8,760 measurements of particulate matter (PM, 5, PM,,),
gases (NO,, SO,), and meteorological parameters. Statisti-
cal analyses (MANOVA, ANOVA, t-tests) confirmed signif-
icant changes in pollutants across timescales and day-night
differences. Sensitivity analysis indicated that PM, 5, NO,,
and SO, have the greatest impact on the forecasts, making
the feedforward neural network an effective tool for accu-
rate AQI forecasting.

The study by Ramentol et al. (2023) proposes machine
learning-based prediction of nitrogen dioxide NO, con-
centrations, using historical data and meteorological data
from the city of Erfurt (Germany). The temporal dependen-
cies through embedded variables, enabling the model to
account for local factors such as traffic and special events,
are utilized. Additionally, the approach considers pollutant
seasonality and meteorological parameters to predict NO,.
Evaluation demonstrates higher forecasting accuracy com-
pared to other models.

An air quality forecasting method based on an attention
temporal graph convolutional network (AT-GCN), which
combines attention, a recurrent GRU network, and graph
convolutional mechanisms, is proposed in Iskandaryan et
al. (2023). The method is tested on air quality, meteorologi-
cal, and road traffic data from Madrid. Results revealed that
the proposed approach better captures complex dependen-
cies and achieves lower prediction errors, compared to CNN
or LSTM networks.

3 The proposed method

In this section, we describe the proposed hybrid approach
utilizing a transformer and symbolic regression for weather-
dependent PM concentration forecasting. The transformer
is used for the input data pre-processing. It analyzes tem-
poral relations and detects dependencies between samples
of the input data. The symbolic regression processes the
data returned by the transformer in order to find an optimal
mathematical equation that best describes them. In our case,
the proposed hybrid approach processes the meteorological
data, which includes the temperature, wind speed, and wind
direction, in order to predict the PM concentration.

3.1 The transformer

The transformer acts as a feature extractor that analyzes the
relationships between different samples in the sequence and
creates a more informative representation of them. Thanks
to the self-attention mechanism, the model can focus on the
important parts of the data, ignoring noise and irrelevant
information. For example, if the input data has some sea-
sonality, the transformer detects similarities between distant
samples and uses them for prediction. The transformer con-
sists of the embedding layer and the attention mechanism,
which we briefly describe below.

3.2 The embedding layer

The embedding layer transforms the input data into a higher-
dimensional space, making it easier for the transformer to
process it. This allows it to better capture hidden patterns
and relationships between input features. The embeddings
also play a role in matching the dimensions of the data to the
requirements of the transformer architecture. This allows
the model to more effectively analyze complex temporal or
structural relationships in the data.

3.3 The attention mechanism

The attention mechanism in the transformer allows each
element of a sequence to “pay attention” to other elements
and adjust its representation based on their importance.
The self-attention engine calculates how strongly each
data sample influences other samples. Self-attention layers
are applied to the input data. The transformer calculates
the similarity between each sample and the others, assign-
ing higher weights to those that are more important for
future prediction. The weighted values are then summed,
creating a new representation of the input, enriched with
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Fig. 1 The structure of the pro-

posed hybrid method Transformer
block
?M concentration
emperature .
Wind speed Embedding layer
Wind direction (tempora] encoding) PM concentration

Input Q .

Symbolic )
—| regression —»C)Output

Attention mechanism
(feature extraction)

information from the entire sequence. This allows the
model to, for example, detect recurring patterns or long-
term dependencies in the data. This process is done in
parallel for all elements, allowing for efficient analysis of
complex structures. As a result, self-attention allows the
transformer to better understand the context of the data,
which improves the quality of prediction. The linear layer
is used to transform the transformer output back to the
original data dimension.

3.4 Symbolic regression

Symbolic regression is a method for finding mathematical
equations that best describe data. Unlike classical linear or
nonlinear regression, there is no preconceived notion of a
specific form of the function (e.g., a polynomial of a specific
degree or an exponential function). Instead, the algorithm
itself builds and tests various mathematical expressions
until it finds one that best fits the data.

Symbolic regression explores the space of equations
composed of basic mathematical operators. Mathemati-
cal formulas can be represented as expression trees, where
each node is a mathematical operation (e.g., addition, mul-
tiplication) and the leaves are variables or constants. The
algorithm starts with simple expressions (e.g., random com-
binations of variables and basic operations) and then modi-
fies them through evolutionary operations, such as mutation
(replacing one function with another, e.g., x* with sin(x)),
crossover (combining parts of different expressions), and
adding new operators.

Each equation is evaluated based on a fitness function,
e.g. mean square error (MSE) between predicted values and
actual data. Better formulas are promoted to the next gen-
eration. The process is iterative — formulas evolve in suc-
cessive generations, and less accurate ones are eliminated.
The goal is to find the simplest and most accurate function.
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Therefore, this process is similar to the training of the neural
network.

The idea of the proposed method is summarized in the
Fig. 1.

4 Experimental evaluation

In this section, we benchmark the proposed hybrid fore-
casting method using real-world data from the Polish Chief
Inspectorate of Environmental Protection (GIOS)! The data-
set consists of hourly measurements of particulate matter
(PM,, and PM, 5) concentrations, expressed in pg/m?, cov-
ering the period from January 1 to December 31, 2022.

To account for meteorological influences, we include
weather variables obtained from the Meteostat’ service for
the same time interval. Specifically, temperature (°C), wind
speed (km/h), and wind direction (degrees) were selected
due to their completeness and their established impact on air
pollution variability.

The proposed model was trained on the meteorological
data and used to forecast PM,, and PM, s concentrations,
which were subsequently validated against the observed
GIOS measurements. Data were normalized to the [0,1]
range prior to training.

The implementation was carried out in Python using the
PyTorch framework with CUDA acceleration, while sym-
bolic regression was performed with the PySR library. Sta-
tistical evaluation of the results was conducted in MATLAB.
All computations were performed on a notebook equipped
with an Intel Core i7-13700 H processor, 32 GB of RAM,
and an NVIDIA RTX 4070 GPU.

! https://www.gov.pl/web/gios-en.
2 https://meteostat.net/en/.
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4.1 Collected data and area description

The forecasting evaluation was conducted using PM,, and
PM, 5 concentrations from selected air quality monitoring
stations in Poland: KpZielBoryTu (Zielonka Bory Tuchol-
skie), MpZakopaSien (Zakopane), SlCzestoBacz (PM,,)/
SlCzestoZana (PM,s) (Czgstochowa), SlKnurJedNar
(PM,,)/SIGliwicMewy (PM, ;) (Gliwice/Knurow), and
ZpSzczec1Maj (Szczecin). These codes, with the city names
in parentheses, are used throughout the paper. The stations
were selected based on data completeness. Although in some
cities PM,, and PM, 5 are measured at different nearby sta-
tions (Czestochowa: SICzestoBacz/S1CzestoZana; Gliwice/
Knuréw: SlIKnurJedNar/SIGliwicMewy), their close prox-
imity ensures that this does not negatively affect the evalua-
tion. The locations of the air quality monitoring stations are
shown in Fig. 2.

4.2 Hyperparameters

All hyperparameters are determined experimentally. The
transformer’s embedding dimension (vector representation

Fig. 2 The location of the air
quality monitoring stations in
Poland used in the experiment

°
ZpSzczeclMaj
(PM10, PM2.5)

of the input data) was set to 64, with 4 attention heads and
16 transformer layers. The model was trained using the
Adam optimizer with a learning rate of 0.0001 and the mean
squared error (MSE) as the loss function, for 500 epochs.
For symbolic regression, 1000 iterations are used to identify
the mathematical equation.

To reduce the risk of overfitting, the model was trained
and evaluated on separate, non-overlapping datasets. The
obtained results were consistent across different monitor-
ing stations and time periods, confirming the robustness and
generalization capability of the proposed approach.

4.3 The symbolic regression equation

The procedure of the symbolic regression allowed to find
the following equation for calculating the predicted concen-
tration of the PM y:

y=by- x% + bg - sin (bsza) 4 by - cos (bsxs)

The coefficients b, (i=1,...,5), also determined by the sym-
bolic regression method, were equal: b; = -0.23, b, = -0.75,

@ KpZielBoryTu
(PM10, PM2.5)

.SICzestoBacz (PM10)
SICzestoZana (PM2.5)

.SIKnurJedNar(PM10)
SIGliwicMewy (PM2.5)

:IpZakopaSlen

(PM10, PM2.
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b;=1.12, b,=0.42, b5=0.70. The values x,, x,, and x; cor-
respond to the following meteorological data: temperature,
wind speed, and wind direction, respectively. The coefficients
in the symbolic regression equation were obtained through an
optimization process to minimize prediction error, rather than
being derived from physical principles. Therefore, they do
not have a direct physical interpretation. However, the func-
tional forms and included meteorological variables provide
insight into the relationships affecting PM concentrations.

Example 1 Let us evaluate the equation with the following
data from January 04 (2022) at the station KpZielBoryTu.
The normalized values for the temperature x;, wind speed
X,, and wind direction x; are as follows: x;=0.40, x,=0.39,
and x;=0.65. We will use these values to estimate the con-
centration of the PM,:

y=—0.23- (0.40)% + (—0.75) - sin(1.12-0.39)
+0.42 - cos(0.70 - 0.65) = 0.19

The real (historical) concentration of the PM,, was on that
day equal to 0.20 (normalized). This confirms the almost
perfect predicting accuracy of the proposed method.

Example 2 Let us evaluate the equation with the following
data from May 27 (2022) at station ZpSzczec1Maj. The nor-
malized values for the temperature x;, wind speed x,, and
wind direction x; are as follows: x,;=0.58, x,=0.41, and
x3;=0.72. We will use these values to estimate the concen-
tration of the PM, s:

y =—0.23-(0.58)% + (—0.75) - sin(1.12 - 0.41)
+0.42 - cos(0.70 - 0.72) = 0.11.

The real (historical) concentration of the PM, 5 was on that
day equal to 0.11 (normalized). This confirms the perfect
predicting accuracy of the proposed method.

4.4 Baseline models - state-of-the-art methods
4.4.1 Multilayer perceptron

A multilayer perceptron (MLP) is a classical artificial neural
network composed of several fully connected (linear) layers
with nonlinear activation functions. The structure and main
features of the MLP, following Gardner (1998), are as follows:

e The first linear layer transforms the input data into 64
neurons;
The second linear layer maps data from 64 to 128 neurons;
The third linear layer reduces the data back from 128 to
64 neurons;
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e The final layer produces the desired output using a
1 x 1 convolution, generating a prediction tensor for the
sequence.

The network was trained for 1000 epochs using the Adam
optimizer with a learning rate of 0.001. Each layer uses the
ReLU (rectified linear unit) activation function, defined as
ReLU(x)=max(0, x), where x is the input to the neuron.
All hyperparameters were determined experimentally. The
graphical structure of the network is shown in Fig. 3.

The MLP is trained using historical data consisting of
PM concentrations, temperature, wind speed, and wind
direction. These data were organized into tuples, each
containing a single value of the four variables at a given
time step ¢. The tuples served as input to the MLP, with
only the PM concentration values used as labels. This
setup defines the objective function, allowing the model
to generate PM concentration forecasts by minimizing the
error between the predicted and historical PM concentra-
tions. The predicted PM concentration at a single time
step is denoted as y,.

4.4.2 Recurrent neural network

A recurrent neural network (RNN) is a network that has
the ability to process sequences of data by updating a hid-
den state at each time step Rumelhart (1986). The proposed
RNN is a model designed to analyze sequential data such as
time series. The model uses an architecture consisting of an
RNN layer with 64 units (cells), which allows it to capture

PM concentration

Temperature
Wind speed
. ‘Wind direction
Input {5x1}

Linear  Linear Linear

’/ \I ,/ \l ’/ \|

64 ' 1128 ' | 64 |

:neurons: :neurons: :neurons:

! i ] |

. ReLU : | ReLU : . RelLU :

\ ] ] y ! )
Output
“1x1}

PM concentration

Fig. 3 The architecture of multilayer perceptron base model
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complex temporal relationships in the data. The units are
connected to each other.

The network processes the input data in the form of a
time sequence by RNN layers, which analyze it in the con-
text of previous time steps. In each iteration, the network
maintains a hidden state that stores information about the
previous data using a hyperbolic tangent function. This
mechanism allows the model to efficiently model the tem-
poral relationships in the data, which is crucial for forecast-
ing future values.

More formally, RNN operations can be defined as fol-
lows. The hidden state h, is updated based on the input x,,
and the previous hidden state h, ; in the following manner:

ht = tan h(Wth + Whht,1 + bh)

Where:

e W_isaweight matrix connecting input X, with the actual
state;

e W, is a weight matrix connecting the previous state,
h,_;, with the actual state;
by, is a bias vector;
tanh is a hyperbolic tangent function.

Graphically, the RNN cell is visualized in Fig. 4.

The output of the last RNN layer is a representation of the
data from the last time step. This layer transforms the hidden
representation into a single numerical value — a forecast of
the future concentration of the PM. The model is optimized

Fig.4 The structure of the RNN cell

using the Adam algorithm with a mean squared error (MSE)
loss function minimizing the difference between the pre-
dicted and actual values.

4.4.3 ARIMAX

ARIMA (autoregressive integrated moving average) is a
model for analyzing and forecasting time series. It consists
of three components: the autoregressive part, the integrated
part which stands for differencing the time series to achieve
stationarity, and the moving average part, which takes into
account errors from previous forecasts. The algorithm takes
as input the three values: (p,d,q). The p denotes the order of
autoregression (the number of previous values of the target
variable that are used); the d is the number of differences
needed to achieve stationarity; and ¢ is the order of moving
average (the number of previous errors that are used). The
ARIMAX is an extension of ARIMA, which enables using
external variables in the predictions Williams (2001).

In our experiments, we have used the following param-
eters: p=>5, which denotes taking 5 last observations for the
prediction; d=1 enables the differentiation only once; g=1
states that the algorithm takes into account the impact of
the forecast error from the previous period ¢. The prediction
calculation using the ARIMAX method is described below:

p q
ve=Y diy—i+y O+ B Xi+e

i=1 j=1

Where:

e y, — the predicted value of particulate matter
concentration;

e ¢ — the impact of the previous values in the time series;

6 — the impact of the previous prediction errors;

Sx, — the product of a scalar vector of coefficients /8 and

a vector X, of the external variables.

B =1B1: B2 B3: Byl

— [yconc tem, wind wdir res
x, =[x, XM, xMnd x AT xPres].
& —a random noise at time ¢;

p — the number of elements in x,.

temp wind wdir
b X b X b

The external variables are represented as x
xP"and denote respectively the temperature, wind speed,
wind direction, and air pressure. The weights ¢, 6, and f§ are

estimated using MLE (maximum likelihood estimation).
4.4.4 k-Nearest neighbors regression

k-Nearest Neighbors Regression (k-NNR) is a simple
method based on the similarity of observations Fix and
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Hodges (1951). It assumes that observations with similar
values of input features (e.g., weather conditions) also have
similar values of the dependent variable (e.g., PM concen-
tration). The forecast is obtained by analyzing the & most
similar cases from the past. The idea of k-NNR operations is
summarized as follows:

1. For each forecasted weather situation, the distance (e.g.,
Euclidean) between current conditions and all historical
data is calculated;

2. The k observations that are most similar are selected;

3. The forecast result is the average PM value among these
k neighbors.

In our case, for each point in time ¢, we create an input fea-
ture vector:

wdir

Xt — [Iconc Itemp, T T ,

wind
) )

Ipres]

Where x°2¢, x'emP_ xVind xwdir ypres denote respectively the
historical PM concentration, temperature, wind speed, wind
direction, and air pressure. Next, we create the following
dataset: (X, y,) where y, = x,,,°°". For a new time step ¢’
with current weather conditions:

1. We calculate the distance (e.g., Euclidean) between X,
and all training points X,;

2. We select k nearest neighbors;

3. Finally, we calculate the average of their corresponding
y,» which is the predicted PM concentration in a time
step £+ 1.

We have evaluated the algorithm by using the data from ¢ —
5 former time steps.

4.4.5 Linear regression with time delays

Linear regression (LR) is a classical statistical technique
for modeling the relationship between a dependent vari-
able and a set of predictors Galton (1886). In the context of
PM forecasting, the model can be extended with so-called
“lags” — historical PM values from previous time intervals
in order to better capture the dynamics of the phenome-
non. The operations of the algorithm can be summarized
as follows:

1. An input feature vector is created containing current
meteorological data and historical PM concentrations;

2. The model estimates linear coefficients assigned to each
variable;

3. The predicted PM value is a weighted sum of the input
variables and the error term.
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In our case, we create the following feature vector with
delays:

X, =
conc  yrconc temp  ytemp wind  ywind wdir yrwdir pres  ypres
[Xgome, xgone, | xfemp xtemp | xwind | xwind | ywdic gwdir - xpres | xpres

The target variable is y, = x,, ;°"°. Then, we train the linear
regression on data (X,, y,) to let the model fit linear coef-
ficients. To obtain the forecast of the next PM value, we put
the current weather data and the latest PM values into the
model. Similarly, as in the case of ~-NNR, we use the data
from the five (¢ — 5) former time steps.

4.5 Evaluation results

To evaluate the performance of the forecasts generated by
the proposed method, we calculate the following error met-
rics: mean absolute error (MAE), mean square error (MSE),
and root mean square error (RMSE), where x, is the actual
value, y, is a predicted value, and # is the number of obser-
vations, as defined below.

n

MAE:EZ

n
t=1

Yt — Ty
n

1 n 2
MSE = ﬁztzl(xt —Yt)

1 n 2
RMSE = \/nz (=)

In Tables 1 and 2 there are presented results of error mea-
sures for predicting the concentration values of PM,, and
PM, 5 for all air quality monitoring stations.

The analysis of prediction error results for all measure-
ment stations clearly indicates that the proposed method
(SR) outperforms the other approaches, achieving the lowest
MAE, MSE, and RMSE values in all cases. At each of the
stations — regardless of the location and data characteristics
— the SR method shows significantly lower errors compared
to methods based on neural networks (MLP, RNN), classical
statistical models (ARIMAX, LR), and &-NNR. For example,
for the MpZakopaSien station, the SR method achieves an
RMSE of 0.11, while the competitive approaches are charac-
terized by values exceeding 0.20. Also, at the other stations,
these differences are significant, reaching even 0.15 in RMSE
values, which indicates a clear advantage of SR in terms of
forecast accuracy. Importantly, SR both minimizes mean
absolute errors, but also limits the occurrence of large devia-
tions of predictions from actual values, as evidenced by lower
MSE values. The obtained results confirm the effectiveness
and stability of the proposed approach, making it a promising
tool in applications related to air pollution forecasting.
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Table 1 Comparison of error metrics (MAE, MSE, and RMSE) between the predicted and actual PM,, concentrations for the proposed symbolic

regression (SR) method and baseline models

Air station Measure SR MLP RNN ARIMAX k-NNR LR
MAE 0.13 0.23 0.21 0.22 0.21 0.22
KpZielBoryTu MSE 0.03 0.08 0.07 0.08 0.07 0.07
RMSE 0.16 0.28 0.26 0.27 0.27 0.27
MAE 0.08 0.17 0.17 0.20 0.20 0.20
MpZakopaSien MSE 0.01 0.05 0.04 0.06 0.06 0.06
RMSE 0.11 0.21 0.21 0.25 0.25 0.25
MAE 0.11 0.22 0.22 0.22 0.21 0.22
SICzestoBacz MSE 0.02 0.07 0.08 0.07 0.07 0.07
RMSE 0.15 0.27 0.28 0.27 0.26 0.27
MAE 0.10 0.22 0.20 0.22 0.22 0.22
SIKnurJedNar MSE 0.02 0.08 0.06 0.07 0.07 0.08
RMSE 0.14 0.28 0.24 0.27 0.27 0.28
MAE 0.12 0.19 0.19 0.23 0.22 0.23
ZpSzczec1Maj MSE 0.03 0.06 0.06 0.08 0.07 0.08
RMSE 0.17 0.24 0.24 0.28 0.27 0.28

Table 2 Comparison of error metrics (MAE, MSE, and RMSE) between the predicted and actual PM, 5 concentrations for the proposed symbolic

regression (SR) method and baseline models

Air station Measure SR MLP RNN ARIMAX k-NNR LR
MAE 0.11 0.19 0.19 0.22 0.21 0.21
KpZielBoryTu MSE 0.02 0.06 0.06 0.08 0.07 0.07
RMSE 0.15 0.24 0.24 0.28 0.27 0.27
MAE 0.07 0.17 0.19 0.20 0.19 0.20
MpZakopaSien MSE 0.01 0.05 0.06 0.07 0.06 0.07
RMSE 0.11 0.21 0.25 0.26 0.25 0.26
MAE 0.12 0.22 0.20 0.23 0.21 0.21
SICzestoZana MSE 0.03 0.08 0.06 0.08 0.07 0.07
RMSE 0.16 0.28 0.25 0.28 0.27 0.27
MAE 0.13 0.25 0.26 0.24 0.25 0.24
SIGliwicMewy MSE 0.03 0.10 0.11 0.09 0.09 0.09
RMSE 0.17 0.32 0.33 0.31 0.30 0.31
MAE 0.10 0.22 0.21 0.20 0.21 0.20
ZpSzczec1Maj MSE 0.02 0.07 0.07 0.07 0.06 0.07
RMSE 0.14 0.27 0.26 0.26 0.25 0.25

4.6 Visual inspection of the forecasts

In the Figs. 5, 6 and 7 there are presented average MAE,
MSE, and RMSE values both from the proposed method
and the state-of-the-art baseline methods, respectively.

The proposed hybrid model demonstrated a clear advan-
tage over the baseline forecasting approaches. It achieved
an average MAE of approximately 0.10, compared to val-
ues exceeding 0.20 for the baseline models, indicating a
substantial reduction in average prediction error. Similarly,
the MSE reached around 0.02, while competing meth-
ods yielded approximately 0.08, confirming that the pro-
posed model more effectively minimizes large deviations.
The RMSE further supports these findings, with values
of 0.15 for the proposed approach versus 0.25-0.30 for

the reference models. These improvements are consistent
across both PM, 5 and PM,,, concentrations, demonstrating
the robustness and stability of the hybrid transformer—sym-
bolic regression framework. Overall, the results highlight
the higher predictive capability of the proposed method
while maintaining interpretability through the symbolic
regression component.

4.7 Statistical hypotheses verification

We have analyzed at a significance level of a=0.05, if the
forecasts generated with the proposed method differ signifi-
cantly from the original, historical PM concentrations, and
also from state-of-the-art methods. The typical procedure
of hypothesis testing begins with the normality test, which
determines the compliance with the normal distribution. If
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Fig.5 Comparison of forecasting
accuracy: average MAE values
between the proposed method
and the baseline models across
stations

Fig. 6 Comparison of forecasting
accuracy: average MSE values
between the proposed method
and the baseline models across
stations

Fig. 7 Comparison of forecasting
accuracy: average RMSE values
between the proposed method
and the baseline models across
stations
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the analyzed data perform a normal distribution, the para-
metric tests for further testing may be used, including the
variance or average tests. However, the incompatibility with
the normal distribution denotes that non-parametric testing
should be realized.

4.7.1 Normality tests

The statistical verification begins with the normality tests,
which check whether the analyzed data follows the normal
distribution. We propose to use the Shapiro-Wilk test. The
hypotheses are defined as follows (Shapiro-Wilk, (1965):

o H,: The analyzed data follows the standard distribution;
e H,;: The analyzed data does not follow the standard
distribution.

To accept or reject the null hypothesis, we calculate the
Shapiro-Wilk test statistic S and then calculate the p-value
(let us further name it shortly p). The p is compared with
the significance level, and if greater, then there is no reason
to reject the null hypothesis H,. Otherwise, the alternative
hypothesis H, is accepted:

o Ifp<a:the H, is rejected and the H, is accepted;
e If p>a: there is no reason to reject the H,,

Alternatively, if S is greater than the test critical value, the
H, might be accepted. In case of our results, all the p-values
are close to 0.00, so the null hypothesis should be rejected.
Therefore, we assume that the data does not follow a nor-
mal distribution. For further analysis, the non-parametric
Kruskal-Wallis ANOVA test should be used.

4.7.2 Kruskal-Wallis ANOVA

The non-parametric Kruskal-Wallis ANOVA (also called
Kruskal-Wallis one-way analysis of variance for ranks) is
an extension of the U Mann-Whitney test for more than two
populations. This test is used for the verification of the insig-
nificance of differences of the medians in £>2 populations
Kruskal and Wallis (1952). The hypotheses for k groups are
defined as follows:

e H, ©,=0,=...=0, (all the medians are equal);
e H;: Not all medians @1- are equal (j=1, 2,..., k).

To accept or reject the null hypothesis, it is essential to cal-
culate the test statistic /4, and then calculate the p. The p is
compared with the significance level, and if greater, then
there is no reason to reject the null hypothesis H,. Other-
wise, the alternative hypothesis H, is accepted:

o Ifp<a:the H, is rejected and the H, is accepted;
e If p>a: there is no reason to reject the H,,

Alternatively, we can compare the test statistic H with the
test critical value. If the test statistic is greater than the criti-
cal value, the H,, should be rejected.

In our case, we statistically compare the medians of the
original data and the forecasts generated by the proposed
methods. Since the total number of compared methods is 6,
the number of degrees of freedom between groups is equal
to 6-1=5. The number of degrees of freedom within groups
is equal to 6 - 365-6=2184. Therefore, the y* critical value
is equal to 18.55. Based on the test statistic, we calculate
the p. To accept the H,,, the value of the test statistic should
not exceed the critical value. Results of the Kruskal-Wallis
ANOVA p-values are presented in Table 3 for PM,, and
PM, 5 forecasting.

The results of the Kruskal-Wallis test (ANOVA) indi-
cate that for all the analyzed measurement stations, the H
statistic values significantly exceed the critical value, and
the accompanying p values are equal to 0.00. This means
that there are statistically significant differences between the
analyzed data groups. For both the PM,, and PM, s frac-
tions, the null hypothesis of the homogeneity of distribu-
tions can therefore be rejected, and it can be assumed that at
least one of the compared prediction methods differs signifi-
cantly from the others.

4.7.3 Post-hoc analysis

Due to the fact that Kruskal-Wallis ANOVA indicates in
general, whether the groups differ (or not) significantly
without pointing out precise differences, the post-hoc analy-
sis may be performed. The post-hoc indicates the sum of
the ranks of the particular groups, so it makes it possible to
deduce the tendencies between them. In our case, if the sum
of the ranks of a particular method is close to the original

Table 3 Values of H and p of the Kruskal-Wallis ANOVA test — fore-
casts comparison with original data and state-of-the-art methods for
PM,, and PM, s

PM fraction Air station H p
KpZielBoryTu 21.21 0.00
MpZakopaSien 20.14 0.00

PM,, SICzestoBacz 37.24 0.00
SIKnurJedNar 18.75 0.00
ZpSzczec1Maj 21.21 0.00
KpZielBoryTu 35.74 0.00
MpZakopaSien 21.26 0.00

PM, 5 SICzestoZana 33.54 0.00
SIGliwicMewy 27.13 0.00
ZpSzczec1Maj 19.64 0.00

@ Springer
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Table 4 Results of the post-hoc analysis

PM fraction Air station SR MLP RNN ARIMAX k-NNR LR
KpZielBoryTu 1529 1590 1589 1545 1502 1588
MpZakopaSien 1495 1387 1389 1539 1589 1595

PM,, SICzestoBacz 1562 1548 1593 1548 1505 1590
SIKnurJedNar 1645 1334 1694 1430 1476 1435
ZpSzczec1Maj 1576 1552 1564 1517 1472 1566
KpZielBoryTu 1453 1566 1611 1630 1584 1537
MpZakopaSien 1559 1399 1404 1342 1453 1630

PM, 5 SICzestoZana 1644 1311 1597 1663 1426 1574
SIGliwicMewy 1650 1642 1599 1462 1419 1376
ZpSzczec1Maj 1564 1438 1436 1490 1538 1483

data, it means that the forecast is accurate. However, if the
sum of ranks is higher or lower than the original data, it
means that the forecast values are too high or too low. In
Table 4 the values of the sum of ranks for the particular data
are described.

The analysis of the average ranks indicates that the
values assigned to the SR method are well balanced with
respect to the actual values. In cases where the average
rank of another method is lower than the rank of SR (e.g.,
MLP and RNN for the SICzestoZana station in the case of
PM, ), it can be concluded that the given method tends
to underestimate the forecasted values. Conversely, if the
average rank of a given method is higher than the rank of
SR (e.g., ARIMAX for most stations), it indicates a sys-
tematic overestimation of the results. Such an observation
confirms that SR is characterized by greater stability. This
is especially visible in the example of the MpZakopaSien
station for PM,,, where both MLP, RNN, and LR signifi-
cantly outperform SR in terms of ranks, which suggests
a tendency for these methods to generate too high val-
ues. At the same time, methods such as MLP and RNN
for some stations (e.g., SIKnurJedNar) may underestimate
the forecasts, which additionally indicates their instability.
In the context of all stations and both particulate matter
fractions, the SR method maintains a relatively consistent
level, which strengthens its assessment as a reliable and
precise method.

4.8 Discussion and limitations

The proposed hybrid forecasting model demonstrates sev-
eral notable strengths. Combining the transformer architec-
ture with symbolic regression makes the method achieving
both high predictive accuracy and interpretability. The
approach effectively captures nonlinear temporal depen-
dencies among meteorological variables while producing
explicit analytical expressions that describe their influence
on PM concentrations. These features make the model both
accurate and transparent.

@ Springer

Despite the promising performance of the proposed
model, several limitations should be acknowledged. First,
the model has been trained and validated using data from
specific monitoring stations in Poland, which may limit
its generalizability to other geographical areas or different
meteorological conditions. Extending the model to multi-
ple locations and assessing its cross-regional performance
would be an important direction for future research.

Another limitation concerns the coverage of the dataset.
Although the data used in this study are complete and con-
tinuous over the 2022 year, they are limited to the selected
stations and environmental conditions. Expanding the data-
set to include more locations, longer time periods, or diverse
meteorological scenarios could further improve model
robustness and predictive accuracy.

There is also potential for improving the model itself.
While the hybrid approach utilizes the strengths of both
deep learning and symbolic regression, future work could
explore the usage of additional environmental variables,
experimentation with alternative transformer architectures
or attention mechanisms, and refinement of the symbolic
regression component to generate more interpretable or
physically meaningful equations.

Finally, the practical deployment of the model has not
yet been evaluated. Investigating its implementation in real-
time air quality monitoring systems, with attention to com-
putational efficiency and prediction reliability, would be a
valuable step toward operational use. Addressing these limi-
tations could enhance the applicability, interpretability, and
overall reliability of the hybrid model for PM forecasting.

4.9 Summary

The experiments carried out showed that the proposed
hybrid method achieved the highest efficiency in forecast-
ing particulate matter concentrations. The obtained results
were characterized by the lowest error values (MAE, MSE,
RMSE) compared to other methods described in the litera-
ture. The model better reproduced the temporal and seasonal
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variability of PM concentrations, which confirms its high
precision. The obtained results indicate that the proposed
approach is a significant improvement in the prediction of
air quality.

Statistical analysis using the Kruskal-Wallis ANOVA
test confirmed significant differences between the accu-
racy of forecasts obtained by different methods. The pro-
posed hybrid model showed statistically significantly better
efficiency than the other approaches. Other methods were
characterized by higher values of prediction errors, which
indicates their lower accuracy. These results confirm the
higher quality of forecasts generated by the proposed model
and its advantage over solutions from the literature.

5 Conclusion

In this paper, a novel approach to PM concentration fore-
casting was presented, using a hybrid model combining a
transformer and symbolic regression. Integration of meteo-
rological data with transformer-based and symbolic regres-
sion models allows for capturing both complex temporal
relationships and identifying interpretable patterns that can
help in making decisions related to air quality management.
Preliminary experimental results show that the proposed
method effectively predicts the PM concentration using
meteorological data, compared to the baseline models.
Future work will concern the further development of the
proposed method for a comprehensive experimental study,
as well as the improvement of the forecasting accuracy.
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Particulate Matter Forecasting Using Hybrid
Autoencoders: The Role of Meteorological Data

Modelowanie i prognozowanie pytu zawieszonego z wykorzystaniem
hybrydowych autoenkoderow i danych meteorologicznych

Abstract: Accurate forecasting of particulate matter (PM) concentrations is crucial for effective air
quality management and public health protection. In this study, we propose two deep learning-based
forecasting models: a convolutional-recurrent autoencoder and a hierarchical autoencoder. Both mod-
els are trained and evaluated using historical data on PM, ; and PM,  concentrations from multiple
monitoring stations in Poland. To assess the influence of meteorological conditions on prediction
accuracy, the models are tested in two variants: one using historical PM concentrations and meteor-
ological features such as temperature, wind speed, wind direction, and air pressure, and another that
uses only historical PM data. The results clearly show that the inclusion of weather data significantly
improves forecasting performance, with lower MAE, and MSE values observed across all test sites.
The models trained with meteorological inputs consistently outperform their counterparts trained on
PM data alone. The results are also compared with the baseline model. These findings highlight the
importance of environmental context in air pollution forecasting and demonstrate the potential of
autoencoder-based approaches for this task.

Keywords: air pollution; forecasting; deep models; particulate matter

Abstrakt: Prognozowanie stezen pylu zawieszonego ma kluczowe znaczenie dla efektywnego za-
rzadzania jakoscig powietrza i ochrony zdrowia publicznego. W opisanym badaniu proponujemy
dwa modele prognostyczne oparte na uczeniu glebokim: autokoder konwolucyjno-rekurencyjny oraz
autokoder hierarchiczny. Oba modele sg trenowane i oceniane z wykorzystaniem danych historycznych
dotyczacych stezen pytu PM, . i PM, z kilku stacji monitorujgcych jako$¢ powietrza w Polsce. Aby
oceni¢ wptyw warunkéw meteorologicznych na doktadno$¢ prognoz, modele testowano w dwoch
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wariantach — jeden wykorzystuje historyczne stezenia pytu zawieszonego oraz dane meteorologiczne,
takie jak temperatura, predko$¢ 1 kierunek wiatru oraz ci$nienie powietrza, a drugi wylacznie historyczne
dane dotyczace pytu zawieszonego. Wyniki pokazuja, ze uwzglednienie danych pogodowych znaczaco
poprawia skuteczno$¢ prognozowania, z nizszymi wartosciami MAE 1 MSE zaobserwowanymi we
wszystkich lokalizacjach testowych. Modele trenowane z wykorzystaniem danych meteorologicznych
konsekwentnie przewyzszaja swoje odpowiedniki trenowane wylgcznie na danych dotyczacych pytu
zawieszonego. Uzyskane wyniki zostaty poréwnane z wynikami modelu bazowego. Obserwacje te
podkreslaja znaczenie kontekstu srodowiskowego w prognozowaniu zanieczyszczenia powietrza oraz
pokazuja potencjat podejs$¢ opartych na autokoderach.

Stowa kluczowe: zanieczyszczenie powietrza; prognozowanie; modele glebokie; pyt zawieszony

INTRODUCTION

Particulate matter (PM) is an air pollutant that consists of small solid and liquid
particles suspended in the atmosphere. The most commonly distinguished are the
PM, with particles of a diameter less than 1 micrometer, PM, , with particles with
a diameter of less than 2.5 micrometers, and PM, , with particles with a diameter
of less than 10 micrometers. These microscale particles can penetrate deep into the
lungs, and in the case of PM, and PM, , also into the bloodstream, which poses
a serious health risk, leading to respiratory and cardiovascular diseases and cancer.
Due to its harmful health effects, PM is one of the most important environmental
problems in the world. Many countries, especially those with a high level of urban-
ization and industrial development, are trying to reduce PM emissions by introduc-
ing strict regulations, developing air purification technologies, and monitoring air
quality. Effective forecasting of PM concentration is crucial for taking action to
prevent its negative impact on public health and improving the quality of life of
city dwellers (Polichetti et al., 2009).

In Poland, PM, especially PM, . and PM , is a serious environmental and
health problem. Its high concentrations in the air occur mainly during the heating
season when intensive home heating contributes to the emission of pollutants from
chimneys, as well as a result of road transport and industry. According to reports by
the WHO and national institutions, Poland is one of the countries with the highest
level of air pollution in the European Union, which negatively affects the health
of citizens, especially in cities with high population density (Jasinski et al., 2021).
Health effects, such as respiratory and cardiovascular diseases and an increased
number of premature deaths, are directly related to exposure to PM. In response to
this problem, Poland has taken a number of actions, including the introduction of
air quality standards, the modernization of heating systems, and the development
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of an air quality monitoring network. Despite this, effective reduction of PM emis-
sions remains one of the main challenges for the country’s environmental protection
policy. The PM, ; and PM  (but also other air pollutants) concentrations are moni-
tored on an ongoing basis by the Chief Inspectorate of Environmental Protection
(GIOS)', which provides data online (Penkata et al., 2023, Potednik, 2022).

Technical challenges at air quality monitoring stations often result in missing
data. To tackle this problem, an effective strategy is to estimate the air pollutants’
missing values, which is a task closely tied to forecasting. A variety of studies have
been conducted on forecasting air pollutant concentrations (Sowka et al., 2019),
utilizing diverse methodologies such as machine learning (Gryech et al., 2024),
deep learning (Swetha et al., 2024), and hybrid models (Borah et al., 2024).

In this study, we focus on forecasting the concentrations of PM, . and PM |
using advanced deep learning techniques. Specifically, convolutional-recurrent
autoencoders and hierarchical autoencoders models are employed to predict future
PM levels based on historical data, including meteorological variables such as tem-
perature, wind speed, wind direction, and air pressure. The choice of these models is
motivated by their ability to capture complex nonlinear patterns in air quality data,
which traditional methods may struggle with. To evaluate the performance of these
models, commonly used metrics such as mean absolute error (MAE), and mean
squared error (MSE) are used, ensuring a comprehensive assessment of prediction
accuracy. The experiments are conducted on the historical data collected from the
following Polish cities: Zielonka (Bory Tucholskie), Zakopane, Czg¢stochowa,
Gliwice, and Szczecin.

The forecasting simulations are evaluated twofold: one using historical PM
concentrations and meteorological features such as temperature, wind speed, wind
direction, and air pressure, and another that uses only historical PM data. The use
of meteorological data alongside historical PM concentrations leads to significantly
improved forecasting results. Models trained with weather variables consistently
achieved lower prediction error values compared to those using only PM histori-
cal concentrations. This demonstrates that atmospheric factors play a key role in
shaping air pollution dynamics, and their inclusion enhances the models’ ability
to capture complex temporal patterns and variability in PM levels. In addition, we
implemented a state-of-the-art random forest model and tested it analogously to the
proposed autoencoders, comparing its performance with and without meteorologi-
cal inputs under the same experimental setup.

' https://www.gov.pl/web/gios-en
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CONTRIBUTION

The main contribution of this study lies in the application of advanced deep
learning models for forecasting PM concentrations, specifically PM, ; and PM
using meteorological data. This research evaluates the effectiveness of convolu-
tional-recurrent and hierarchical autoencoder architectures in capturing complex
nonlinear dependencies in air pollution data. Meteorological variables are cru-
cial in this context, as weather conditions strongly influence pollutant dispersion,
transport, and accumulation. For example, wind speed and direction can disperse
pollutants or carry them across regions, significantly altering local concentration
levels. By comparing models trained with and without meteorological inputs, the
study highlights the added value of utilizing atmospheric variables in prediction
tasks. A thorough evaluation using standard performance metrics such as MAE
and MSE on historical data demonstrates the potential of the proposed approach
to improve the accuracy of air quality forecasts and support environmental and
public health decision-making.

ORGANIZATION OF THE PAPER

The paper is organized as follows. The next section describes previous and
related works. Section 3 presents proposed deep learning methods for forecasting
the concentration of PM, ;and PM, . In section 4, the experimental evaluation of the
proposed methods is performed. Finally, the last section concludes this work. Ev-
erywhere in the paper, bold font in formal descriptions denotes matrices or vectors.

PREVIOUS AND RELATED WORK

In Li et al. (2020), a hybrid CNN-LSTM model combining a convolutional
neural network (CNN) and an LSTM neural network is developed to forecast the
PM, . concentration for the next 24 hours in Beijing. This model takes advantage
of both networks: CNN effectively extracts air quality-related features, and LSTM
takes into account the long-term temporal context of the data. The model is fed
with the air quality data of the past 7 days, and the output is the forecast of the next
day’s PM, , concentration. This study compares four models: univariate LSTM,
multivariate LSTM, univariate CNN-LSTM, and multivariate CNN-LSTM. The
results show that the proposed multivariate CNN-LSTM model achieves the best
performance with low error and short training time.
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The study presented by Mauricio et al. (2024) investigates the use of a trans-
former-based model for forecasting coarse particulate matter (PMCO) concentrations
in Mexico City over several horizons. The transformer outperformed ARIMA and
LSTM models across multiple stations, though challenges remain for short-term
forecasts and areas with high variability near industrial zones.

The work depicted by Harishkumar et al. (2020) determines the concentration
of PM in the atmosphere to improve public health. In this study, machine learning
models were used to predict the concentration of particulate matter based on data
from the air quality monitoring system in Taiwan from 2012 to 2017. These models
showed better performance compared to traditional forecasting approaches. The
results were evaluated using statistical measures such as RMSE, MAE, MSE, and
R?, which confirms their higher accuracy and usefulness in air quality forecasting.

In Won et al. (2021), the hygroscopic properties of PM, which affect light scat-
tering and absorption are analyzed. This study explores the behavior of coarse PM
(CPM) and fine PM (PM, ,) under varying weather conditions and their influence on
visibility. A censored regression model was developed to analyze the relationship
between PM concentrations and meteorological factors, enabling the calculation of
the optical hygroscopic growth factor and hygroscopic mass growth. These metrics
were applied to PM, , field measurements using low-cost sensors in two distinct
regions. The results indicate that CPM and PM, | concentrations negatively impact
visibility, with relative humidity (RH) significantly modulating these effects. The
modeled hygroscopic growth factors aligned closely with observed values, particu-
larly under haze and mist conditions. Adjusting PM, . concentrations for RH based
on visibility-derived growth factors notably improved the accuracy of low-cost PM
sensors. This study underscores the importance of accounting for PM-meteorology
interactions in both visibility forecasting and sensor calibration.

The paper presented by Kowalski et al. (2020) evaluates the feasibility of using
modern neural networks to forecast PM,  concentrations over a 24-hour horizon.
This paper analyzes various error measures and compares them with other prediction
methods. The results demonstrate that the proposed convolutional neural network
can be an effective tool for detailed air quality forecasts.

In the work depicted by Tong et al. (2024), a transformer-based model for spa-
tiotemporal forecasting of PM, . concentrations is proposed. Using aerosol optical
depth data from California, the model outperforms LSTM and other baselines across
multiple error metrics, demonstrating strong robustness and stability in complex
prediction scenarios.

The study described by Nidzgorska-Lencewicz (2018) used artificial neural
networks to forecast hourly PM,  concentrations in the Tricity area (Poland) during
the winter periods 0f 2002/2003-2016/2017. Models based on measurement data and
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meteorological factors achieved satisfactory results (R? ranging from 0.452 to 0.848),
confirming the effectiveness of ANNSs in predicting air pollution levels.

The paper presented by Qin et al. (2014) deals with the forecasting of PM con-
centrations to support regulatory planning, emission reduction, and early warning
system implementation. The authors propose the CS-EEMD-BPANN model, which
combines gray correlation analysis (GCA), ensemble empirical mode decomposi-
tion (EEMD), cuckoo search algorithm (CS), and backpropagation neural networks
(BPANN). The unique element is the use of GCA to identify potential predictors of
PM among other air pollutants (CO, NO,, O,, SO,) and meteorological variables (wind
speed and direction, temperature, humidity, pressure). The analysis results indicate
that CO, NO,, and SO, are strongly related to PM, and including these predictors
significantly improves the model performance, which confirms the effectiveness of
the proposed approach.

In Czernecki et al. (2021), the application of machine learning methods to short-
-term forecasting of PM,  and PM, ; concentrations in four large Polish agglomera-
tions, based on 10 years of measurement data from background, traffic, and industrial
stations is presented. Four models were tested: stepwise regression, random forests,
XGBoost, and neural networks, demonstrating that XGBoost performed best, while
stepwise regression performed worst. The results confirm the high utility of machine
learning algorithms in predicting air pollution episodes and emphasize the importance
of meteorological variables in air quality modeling.

The study described by Rogula-Kozlowska et al. (2014) examines seasonal
changes in PM, . concentration and chemical composition at three locations in Po-
land (Katowice, Gdansk, and Diabla Goéra). The results indicate very high PM,
concentrations, especially in winter in Katowice, where the dominant components
were carbon compounds, secondary aerosols, and benzo(a)pyrene (BaP), posing the
greatest health risk during the heating season.

In the work presented by Vovk et al. (2024), a hybrid approach that combines
the EMEP4PL chemical transport model with random forest to improve the accuracy
of PM, ; estimates in Poland, where CTMs alone often underestimate concentrations,
is proposed. The model integrates outputs with meteorological, emission, land use,
and temporal predictors, and achieved substantially higher accuracy (R* = 0.71 vs.
0.38 for EMEP4PL), reduced bias, and better detection of severe pollution episodes.

The study described in Tariq et al. (2023) addresses the challenge of forecast-
ing fine particulate matter (PM, ,) concentrations in underground subway stations,
where air quality is strongly affected by nonlinear dynamics and uncertainty. The
authors propose a hybrid framework that combines a gated probabilistic transformer
with a genetic algorithm-based quantile scheduling approach, improving both early
warning accuracy and ventilation control. Compared to conventional methods, their
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model achieves narrower prediction intervals, higher accuracy in sequential health
risk assessment, and measurable reductions in PM, . levels, demonstrating its potential
for smart building applications.

The study by Kujawska et al. (2022) compares various machine learning models
for forecasting PM, j concentrations in Lublin, using data from 2017-2019, including
meteorological and chemical parameters. The artificial neural network achieved the
best results, achieving R = 0.89, effectively predicting the risk of PM, , exceedances.

In Cichowicz et al. (2020), the analysis of PM  concentrations in the winter
(December—January) in 2009—-2015 in Poland showed that low wind speeds are con-
ducive to higher levels of air pollution. The study included data from three monitoring
stations in the region, enabling the identification of smog episodes (so-called black
smog) and verification of measurements at the station located near a large incinera-
tion plant. The results confirm the influence of wind direction on the movement of
pollutants or their local deposition.

In the paper presented by Zeng et al. (2023), a hybrid forecasting model that
combines CEEMDAN decomposition with a deep transformer architecture to improve
long-term PM,  prediction is proposed. By introducing a specialized embedding layer
and a non-autoregressive multi-step decoder, the model reduces error accumulation
and significantly outperforms conventional RNN-based approaches on public datasets.

The study presented by Kryza et al. (2019) discusses an air quality forecasts for
Poland using the WRF-Chem model, comparing the baseline approach (GENEMIS)
with the heating degree day (HDD) method. Both approaches yielded similar results,
with HDD better representing concentrations on warmer days, while the baseline
method tended to overestimate them.

The work by Ramentol et al. (2023) concerns the prediction of nitrogen dioxide
NO, concentrations using machine learning methods, using historical pollutant data
and meteorological variables. The study focuses on the city of Erfurt (Germany) and
includes modeling of temporal dependencies using embedded variables that allow the
model to take into account local events such as traffic or specific occasions. Experi-
ments show that the proposed model achieves better forecasting accuracy compared
to other models, especially during periods when traditional seasonal patterns change,
such as holidays.

In Du et al. (2022), a new hybrid PM, ; concentration forecasting system, which
also takes into account the evaluation of health effects and economic losses, is dis-
cussed. First, an efficient data analysis method was used to extract the main features
of the PM, ; dataset, minimizing the influence of noise. Then, the Harris hawk op-
timization algorithm was introduced to tune the extreme learning machine (ELM)
model, which achieved high prediction accuracy. The health effects and economic
costs of pollution were estimated based on the predicted PM, ; values. Experiments
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were conducted on the real data from Beijing, Tianjin, and Shijiazhuang, and the
results showed that the proposed system can support environmental management,
emission reduction, and health prevention, and can be applied to various fields such
as PM,  health research.

The work proposed by Kouziokas et al. (2020) introduces a novel support vec-
tor machine (SVM) kernel by combining the transformed weight vector of a particle
swarm neural network (ANN) optimized by the particle swarm algorithm (PSO)
into a Bayesian-optimized SVM kernel for the task of forecasting the concentra-
tion of PM,  as time series. The proposed model shows higher forecast accuracy
compared to the traditional ANN and SVM-optimized models, which is confirmed
by the experimental results.

The study presented in Sharma et al. (2020) presents a hybrid deep learning
CLSTM model combining a convolutional neural network (CNN) with an LSTM
network to predict hourly total suspended particle (TSP) concentrations in Australia.
The CLSTM model has been extensively tested and shows better performance than
an ensemble of five other machine learning models.

PROPOSED METHODS

In this section, we describe the proposed deep learning architectures for air
pollutant concentration prediction. The proposed methods include a convolutional-
recurrent autoencoder and a hierarchical autoencoder. All the proposed models are
used to predict the PM concentration, including the weather conditions, such as
the temperature, wind speed, wind direction, and air pressure. More formally, the
x, is the input data, containing PM historical concentration x“, temperature x"
expressed in °C, wind speed x"¢ (km/h), wind direction x"*“" (degrees), and air
pressure X (hPa) in a time step #, and is defined as follows:

xt = [xconc’ xtemp’ xwind’ xwdir, xpres]

The output of the model is a tensor of shape (1,1), representing a single fore-
casted value of PM,  or PM, . concentration at the next time step. Let us define the
sigmoid and hyperbolic tangent functions. The sigmoid function is defined as eq.
1 and the hyperbolic tangent function is defined as eq. 2.

14e " (1)

o (x)

tanh (x ):% (2)
e’ +e
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CONVOLUTIONAL-RECURRENT AUTOENCODER

The convolutional-recurrent autoencoder architecture integrates the advan-
tages of convolutional (for spatial feature extraction) and recurrent (for modeling
temporal dependencies) layers (Zheng & Zhang, 2023). The model architecture
consists of two main parts: an encoder and a decoder. In the encoder part, the data
passes through two convolutional (1D) layers that filter local patterns along the
time axis within the features, allowing the capture of local dependencies between
different variables (e.g. the effect of wind speed on pollutant concentration). The
result of this operation is then processed by the xLSTM unit, which models global
temporal dependencies, producing internal representations of reduced dimension.

In a classic autoencoder, the goal of the decoder is to reconstruct the input,
and the output is a reconstruction of the same input. In the proposed case, the
decoder will be configured to generate predictions for the next values instead of
reconstructing the entire input sequence. This is realized by utilizing the linear
layers used in the decoder, which allow the model to directly predict the values of
future time steps. Thus, in this version, the output is the future values of the time
series. The model is trained using the mean squared error (MSE) as the loss func-
tion, and the optimization procedure seeks to minimize this loss by reducing the
difference between the forecasts and the observed values. This allows the model to
learn a representation of the features specific to pollution and weather data, which
is crucial for successful predictions. In the prediction process, the network receives
historical data as input and generates predictions for subsequent values in the time
series. The structure of the considered autoencoder is presented as Fig. 1.
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PM concentration own study)
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HIERARCHICAL AUTOENCODER

Hierarchical autoencoder is a deep learning model designed for temporal data
analysis and forecasting (Tran et al., 2021). The model uses two main components:
an encoder and a decoder, which work together to compress and reconstruct the
input data. The encoder transforms the input data, consisting of a time series of air
pollutant concentration, temperature, wind speed, and direction values, into a lower-
dimensional representation. This process allows for capturing the most relevant
features of the data while eliminating redundancy and noise.

The encoder consists of several linear layers interspersed with ReLU activation
functions that reduce the dimensions of the input data until a bottleneck is reached.
At this point, the data is compressed to its most critical representations. The decoder
then reverses the encoding process, transforming the compressed representation back
to the original dimensions of the input data using successive linear and activation lay-
ers. The final decoder layer applies a sigmoid activation function, which ensures the
stability and interpretability of the results.
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The model is trained using a mean squared error (MSE) loss function, which
measures the difference between the original input data and its forecasts. The Adam
optimizer updates the network weights, minimizing the forecasting error. The train-
ing process involves iteratively tuning the network parameters, allowing the model
to efficiently learn a representation of the input data. Once training is complete, the
model is able to generate predictions for new data by reconstructing its key features
based on the learned structure.

In the case of pollutant concentration forecasting, the model generates output
by generating a time sequence that is shifted in time, i.e. the model generates the next
value based on the previous one. The graphical structure of the proposed autoencoder
is presented as Fig. 2.

EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of the proposed methods through
forecasting simulations based on real-world data obtained from the GIOS. This
dataset includes historical concentration values (in pg/m?) for various air pollut-
ants. Specifically, our goal is to train the proposed models using historical PM,
and PM , concentration data from several Polish cities (referred to as the original
dataset), while utilizing relevant meteorological variables. The predicted values
are then compared with the recorded concentrations to assess forecasting accuracy.
The two proposed models are a convolutional-recurrent autoencoder (AE 1) and
a hierarchical autoencoder (AE 2), referred to in parentheses in the evaluation
tables for clarity.

Meteorological data were included in the training and consist of the follow-
ing variables:

e temperature (°C)

e wind speed (km/h)

e wind direction (degrees)

e atmospheric pressure (hPa)

These data were retrieved from the Meteostat platform?, which aggregates
historical weather information from numerous global sources. The meteorologi-
cal records span the same period as the pollution data — from January 1, 2022, to
December 31, 2022. The selected meteorological features were chosen for their
completeness and relevance to PM concentration modeling. For example, tempera-
ture influences atmospheric chemical reactions; wind affects pollutant dispersion;

2 https://meteostat.net/en/
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and pressure plays a role in temperature inversions that can trap pollutants near
the surface, thereby increasing concentration levels. Utilizing these variables al-
lows the models to better reflect the physical processes governing PM behavior.
As temperature, we used the daily mean.

For this study, we selected data from the year 2022 because it provided a com-
plete and consistent set of measurements, including both PM concentrations and me-
teorological variables, necessary for model training and evaluation. Using a single
recent year allowed us to thoroughly test and compare the performance of different
models under realistic conditions, while avoiding complications from missing or
inconsistent data in earlier years. Although 2022 reflects lower pollution levels due
to pandemic-related reductions, the methodology is general and can be applied to
previous years with higher PM concentrations to assess model robustness. Both
the PM concentration data from the GIOS and the meteorological dataset from
Meteostat were fully complete, with no missing values, ensuring consistent input
for model training and evaluation.

The forecasting models and baseline algorithms were implemented in Py-
thon using the PyTorch framework with CUDA support. Statistical analyses were
performed using MATLAB. All experiments were conducted on a Gigabyte Aero
notebook equipped with an Intel Core 17-13700H CPU, 32 GB of RAM, and an
NVIDIA RTX 4070 GPU with 8§ GB of VRAM.

COLLECTED DATA AND AREA DESCRIPTION

The evaluation was based on historical concentrations of PM,  and PM
measured at the air quality monitoring stations in Poland. The locations of the
monitoring stations are reported with geographic coordinates (latitude ¢, longitude
A) in the WGS84 reference system. The analyzed stations are the following:
» Zielonka Bory Tucholskie (KpZielBoryTu; 53,662117° N;
17,934017° E)

» Zakopane (MpZakopaSien; 49,2936° N; 19,9601° E)

* Czgstochowa — SICzestoZana (50,801918° N; 19,106961° E — PM, ) /
SlCzestoBacz (50,836389° N; 19,130111° E - PM )

* Gliwice/Knuréw — SIGliwicMewy (50,279481° N; 18,655736° E — PM, )
/ SIKnurJedNar (50,233167° N; 18,655722° E — PM, )

* Szczecin (ZpSzczec1May; 53,712114° N; 16,692517° E)

In Czgstochowa and Gliwice/Knuréw, PM, . and PM, A are monitored at differ-
ent stations located in close proximity. For instance, SICzestoZana and SICzesto-
Bacz are situated near each other, as are SIGliwicMewy and SIKnurJedNar. While
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the short distance between these stations suggests a degree of comparability, it
should be noted that even small spatial separations (e.g. 500 m) may lead to varia-
tions in PM concentrations depending on local emission sources. Figure 3 shows
the geographic distribution of the monitoring stations.

The monitoring stations were selected based on the completeness and con-
tinuity of their data records for the study period, ensuring no substantial gaps in
pollutant or meteorological measurements. In addition, the chosen stations represent
diverse environmental contexts in Poland: for instance, Zielonka Bory Tucholskie
(KpZielBoryTu) reflects rural background conditions, Zakopane (MpZakopaSien)
represents a mountainous area, while Czestochowa (S1CzestoBacz / SICzestoZana),
Gliwice/Knurow (S1GliwicMewy / SIKnurJedNar), and Szczecin (ZpSzczec1Maj)
capture urban or industrial settings. This diversity allows the models to be evalu-
ated under heterogeneous air quality conditions and enhances the robustness and
generalizability of the proposed forecasting method.

° o KpZielBoryTu
ZpSzczeclMaj (PM;q, PM, 5)
(PM,q, PM;5) (Zielonka Bory Tucholskie)

(Szczecin)

SICzestoBacz (PM,,)

®5iCzestozana (PM, ;)
(Czestochowa)

oS!KnurledNar(PM;,) (Knuréw)
SIGliwicMewy (PM, ) (Gliwice

MpZakopaSien
(Zakopane) | @

(PM;o, PM;5)

Fig. 3. The location of the air quality monitoring stations in Poland used in the experiment (Source:
Author’s own study)
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TRAINING AND META PARAMETERS

Each model was trained in two configurations. The first uses full input data,
including PM concentrations along with temperature, wind speed, wind direction,
and air pressure. These inputs are organized into tuples consisting of one value from
each variable. Each model takes five consecutive daily observations (i.e. five histori-
cal time steps for each variable) as input and generates a single forecast for the next
day’s PM concentration. The models are trained to minimize the error between the
forecasted and observed values using only the PM concentration as the target label.

The second configuration excludes meteorological data and uses only his-
torical PM values as input. Both autoencoders take the five most recent daily
observations as input and produce a forecast for the next day. The choice of a five
observations was made to effectively capture short-term temporal dependencies
in the PM data while maintaining a sufficient number of training samples. Smaller
windows would miss important patterns, whereas larger windows would reduce
the number of independent samples and increase the risk of overfitting.

Model hyperparameters were selected experimentally. All models were trained
using the Adam optimizer with a learning rate of 0.001 and mean squared error (MSE)
as the loss function. An early stopping mechanism was applied to prevent overfitting,
terminating training once the validation loss no longer decreased; in our experiments,
this occurred at around 1000 epochs. The dataset was chronologically divided into
three subsets following a 60—20-20 split: the first 60% of the observations were used
for training, the next 20% for validation, and the final 20% for independent testing.

All input data (except wind direction) were normalized to the [0, 1] interval.
The correctness of normalization was verified by checking the min—max ranges and
inspecting histograms before and after scaling. No data distortion was observed
(figures omitted for brevity). Specifically, wind direction values (in degrees) were
converted into two components, sin(#) and cos(), where 6 is the wind direction angle.
This representation avoids the artificial discontinuity between 0° and 359°, which
would otherwise be incorrectly mapped to the extreme ends of the interval [0, 1] in
standard min—max scaling.

BASE MODEL - STATE-OF-THE-ART ALGORITHM

As a baseline, we used a random forest algorithm (RF), which is an ensemble
method based on decision trees. The algorithm creates multiple independent regres-
sion trees, each of which learns to predict PM concentrations based on different
random subsets of data and features. The final forecast is calculated as the average of
all trees’ results, reducing the risk of overfitting and improving prediction stability.

The model utilized both historical PM concentration values and meteorological
data: temperature, wind speed, wind direction, and atmospheric pressure. Sine and
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cosine encoding was used for the wind direction variable to preserve its angular
nature. The algorithm also uses PM values from previous days/hours as lag features
to capture temporal dependencies.

The RF model was run with both historical PM values alone and, in an extend-
ed version, with meteorological data (temperature, wind, pressure). This allowed
us to compare the impact of atmospheric conditions on the accuracy of particulate
matter concentration forecasts.

EVALUATION RESULTS

To evaluate the performance of the forecasts generated by both the proposed
and state-of-the-art methods, based on historical PM concentrations and meteoro-
logical data, we calculate the following error metrics: mean absolute error (MAE,
eq. 3), and mean square error (MSE, eq. 4), which are defined below:

_l S Y= Xy
MAE—H;—n 3)
1 n
MSE =;Z(Xf‘yr)2 (4)
t=1

where x, is the actual value, y, is a predicted value, and 7 is the number of input observa-
tions. The results for PM, ; forecasting experiments are presented in Tab. 1.

Tab. 1. Error measure values for the proposed methods from all the air quality monitoring stations
for the PM,  fraction. The AE 1*, AE 2*, and RF* denote the proposed and state-of-the-art methods
trained without including the meteorological data (Source: Author’s own study)

Alr station Error measure AE 1 AE?2 AE 1* AE 2% RF RF*
Zielonka Bory |MAE 0.150 0.160 0.230 0.230 0.190 0.210
Tucholskie MSE 0.040 0.040 0.120 0.110 0.070 0.090
Zakopane MAE 0.110 0.120 0.190 0.190 0.210 0.230

MSE 0.020 0.030 0.100 0.100 0.060 0.080

Czestochowa MAE 0.210 0.190 0.290 0.260 0.220 0.240

MSE 0.060 0.070 0.140 0.140 0.100 0.120

Gliwice MAE 0.250 0.210 0.330 0.280 0.240 0.260

MSE 0.090 0.130 0.170 0.200 0.190 0.210

. MAE 0.200 0.220 0.280 0.290 0.250 0.270
Szczecin

MSE 0.070 0.100 0.150 0.170 0.130 0.150

Analysis of the quality of PM, . concentration forecasts for five measurement
stations shows a clear advantage of autoencoders over random forest. Analysis of
the results shows that the autoencoder-based models (AE 1 and AE 2) generally
outperform the RF in terms of both MAE and MSE, particularly for the stations in
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Zakopane and Zielonka Bory Tucholskie. It can be seen that for most locations, the
autoencoders achieve slightly lower forecast errors, suggesting their better ability
to capture patterns in the temporal data. When training the models without me-
teorological data, the error values are higher. The data from the station in Gliwice
proved to be the most difficult to model, where all methods generated significantly
higher errors, and the RF model, in particular, was characterized by a large increase
in MSE. The best results, on the other hand, were obtained in Zakopane, where
all methods, especially the autoencoders, showed relatively low MAE and MSE
values. Overall, it can be concluded that the proposed AE-based solutions are more
stable and outperform the classical random forest algorithm in most cases. Table
2 presents the results of PM,  forecasting evaluation.

Tab. 2. Error measure values for the proposed methods from all the air quality monitoring stations for
PM,, fraction. The AE 1*, AE 2%, and RF* denote the proposed and state-of-the-art methods trained
without including the meteorological data (Source: Author’s own study)

Air station Error measure AE 1 AE 2 AE 1* AE 2* RF RF*
Zielonka Bory |MAE 0.200 0.150 0.280 0.220 0.180 0.200
Tucholskie MSE 0.050 0.080 0.130 0.150 0.310 0.330
Zakopane MAE 0.120 0.150 0.200 0.220 0.180 0.200

p MSE 0.020 0.040 0.100 0.110 0.070 0.090

Crestochowa MAE 0.200 0.180 0.280 0.250 0.210 0.230

¢ MSE 0.060 0.060 0.140 0.130 0.090 0.110

i MAE 0.230 0.190 0.310 0.260 0.220 0.240
Knuréw

MSE 0.070 0.070 0.150 0.160 0.120 0.140

. MAE 0.240 0.220 0.320 0.290 0.250 0.270
Szczecin

MSE 0.080 0.060 0.160 0.130 0.090 0.110

The results clearly show that utilizing meteorological data into the train-
ing process improves the accuracy of air quality forecasting. Models AE 1 and
AE 2, which used both historical PM concentrations and meteorological variables,
achieved lower MAE and MSE error values compared to the versions based solely
on historical PM data. Model AE 2 performed particularly well, producing the
lowest errors in most locations, especially in Knuréw and Szczecin. Importantly,
random forest without meteorological data performed worse than the version with
additional input variables, with differences particularly visible in Zakopane and
Szczecin. The most difficult conditions to predict were in Szczecin, where all models
achieved higher errors, although the use of meteorological data continued to reduce
MAE and MSE. The best forecasts were observed for Zakopane, where MSE values
were the lowest among all stations. In summary, integrating meteorological data
increases forecast accuracy and clearly supports autoencoder models, which prove
to be more effective than the classic random forest.
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CONCLUSION

In this study, two deep learning architectures based on autoencoders were
proposed for forecasting PM concentrations: a convolutional-recurrent autoencoder
and a hierarchical autoencoder. Both models were evaluated using historical data
on PM, ; and PM,  concentrations from several monitoring stations. To assess the
impact of additional inputs, the models were tested in two configurations: one us-
ing only historical PM data, and another using meteorological variables such as
temperature, wind, and humidity. The experimental results clearly indicate that the
inclusion of weather-related features significantly improves forecasting accuracy
across all evaluated metrics and locations. Both proposed models achieved strong
performance, with the weather-informed versions consistently outperforming their
simplified counterparts. These findings confirm the importance of meteorological
context in modeling air pollution dynamics and demonstrate the effectiveness of
deep autoencoder-based approaches in this domain.

Future work will focus on extending the proposed models by integrating
additional environmental variables such as solar radiation, as well as testing their
performance in different geographical regions. Moreover, a comprehensive com-
parison with other state-of-the-art forecasting methods is planned to further validate
the robustness and generalizability of the proposed approach.
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Abstract. In recent years, forecasting particulate matter (PM) concen-
trations has become a key tool in air quality monitoring and environmen-
tal decision-making. This paper compares modern neural network meth-
ods for forecasting PM concentrations using both meteorological data
and PM history alone. The models were assessed for forecast accuracy
using metrics such as MAE, RMSE, and R?, and their interpretability
was analyzed using LIME and SHAP methods to assess the impact of
individual meteorological variables on forecast results.
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1 Introduction

Forecasting particulate matter (PM) concentrations is essential in public health
protection and air quality management, particularly in urban areas where pol-
lution is high. PM fractions, including PMy, PMs 5, and PMyq, are associated
with respiratory and cardiovascular diseases, and long-term exposure negatively
impacts quality of life [3,14]. Accurate PM forecasts allow both to warn about
high pollution levels and also support environmental policy planning and emis-
sion reduction measures. Various forecasting methods are used in the literature,
ranging from traditional statistical and regression models to modern machine
and deep learning algorithms that can capture nonlinear and multivariate rela-
tionships in temporal and meteorological data [16, 22, 23].

In this paper, we focus on evaluating three modern neural network mod-
els for forecasting PM concentrations: temporal fusion transformer (TFT), Kol-
mogorov—Arnold Network (KAN), and temporal convolutional network (TCN).
The proposed methods are validated using data from multiple air quality moni-
toring stations located in different regions of Poland, representing diverse envi-
ronmental and pollution conditions, ranging from coastal and low-emission areas
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to highly polluted urban and mountainous regions. Each model is trained and
tested in two scenarios: using only historical PM concentrations as input, and
using both PM concentrations and meteorological variables (wind speed, wind
direction, and temperature) to evaluate the added value of environmental data.
TFT combines recurrent layers with a self-attention mechanism to capture long-
and short-term dependencies and enables variable selection. KAN utilizes the
Kolmogorov—Arnold representation theorem to approximate complex nonlinear
relationships through fully connected layers with heterogeneous nonlinear acti-
vations. TCN employs dilated causal convolutions with residual connections to
efficiently model long-range temporal dependencies. For comparison, two base-
line models are also evaluated: a standard RNN and an LSTM network. We
compare all models for forecast accuracy using metrics such as MAE, RMSE,
and R?, and analyze their interpretability using LIME and SHAP methods to
assess the impact of individual meteorological variables on the prediction re-
sults. This approach allows both to determine the efficacy of different neural
models and to understand the extent to which meteorological data contribute
to improving forecast quality, which can support decision-making in air quality
monitoring and management.

1.1 Contribution

The contribution of this paper is twofold. First, we propose and evaluate modern
neural network methods for forecasting PM concentrations, including temporal
fusion transformer, Kolmogorov—Arnold Network, and temporal convolutional
network, considering both univariate and multivariate inputs with meteorological
variables. Second, we analyze the impact of individual meteorological features
on the predictions using interpretability methods such as LIME and SHAP,
providing insights into which environmental factors most significantly influence
forecast accuracy.

1.2 Organization of the paper

The paper is organized as follows. The next section describes previous and re-
lated works. Section 3 depicts the neural networks for PM forecasting. Section 4
discusses the preliminaries for the methods’ evaluation. In section 5, the exper-
imental results of the proposed methods are described. Finally, the last section
concludes this work.

2 Previous and related work

Particulate matter concentrations are predicted using a variety of methods, in-
cluding traditional statistical models and modern approaches based on machine
learning and deep learning. Regression [1] and temporal models capture seasonal
and meteorological variations [7], while algorithms such as random forest [5],
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SVM [10], LSTM [21], and hybrid TCN-LSTM combinations [19] enable accu-
rate hourly or multiday forecasting. Many studies also utilize variable sensitivity
analysis to improve modeling efficiency and identify the most important factors
influencing PM concentrations. These diverse approaches support more effective
air quality monitoring and environmental decision-making.

The study [8] shows that PM;o concentration in may depend on meteoro-
logical conditions and contributes to atmospheric warming. Multiple linear re-
gression (MLR), random forest (RF), XGBoost, and artificial neural networks
(ANN) models were successfully used to forecast it. Including PM;( concentra-
tion from the previous day significantly improves forecast accuracy (by 57-92%),
with MLR best describing seasonal variability, RF best predicting the following
day, and ANN the next 2-3 days. In [4], the relationships between vehicle emis-
sions, meteorological conditions, and PMs 5 concentrations are analyzed. In the
study [9], highly accurate PM;y and PM; 5 concentration forecasts were obtained
using meteorological data and machine learning algorithms based on decision
trees.

The research [15] evaluates the performance of three machine learning algo-
rithms for forecasting PMs 5 and PMyy concentrations in metropolitan areas:
SVM, random forest, and k-NN, paying particular attention to the impact of
the training set on model accuracy. Analyses show that random forest often
achieves higher R? than SVM, k-NN is effective in data preprocessing, and hy-
brid models outperform approaches based on single algorithms. In [17], a hybrid
TCN-LSTM model to forecast PM concentrations is proposed. Sensitivity analy-
sis identified key factors influencing PM (O3 for PMy 5, PMy 5 for PM;o, CO for
both) and showed that eliminating irrelevant variables increases modeling effi-
ciency and improves air quality monitoring. The study [6] presents deep learning
models (LSTM, RNN, GRU) for forecasting hourly PMj 5 concentrations, using
air quality data and meteorological factors. The LSTM+LSTM model achieved
the best result in terms of R? measure and showed good generalization ability
through different stations in the city, outperforming other studies in the liter-
ature. In [18], a hybrid approach combining input variable selection, machine
learning, and regression was proposed to forecast PM1, PMs 5, PM;g, and AQI
concentrations, achieving high accuracy (R? > 0.95). Additionally, 13 multivari-
ate models and a multistep forecasting application using NARMAX and decision
trees were developed, achieving R? exceeding 0.93 and confirming high forecast
precision.

3 Neural network architectures for PM forecasting

In this chapter, we describe the proposed approach for forecasting air pollutant
concentrations using time series data. We first present the formal foundations of
h-step ahead forecasting, considering both historical PM measurements and their
extension to include meteorological variables such as wind speed, wind direction,
and temperature. Building on this framework, we introduce three modern neu-
ral network models employed in this study: temporal fusion transformer, Kol-
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mogorov—Arnold Network, and temporal convolutional network. For each model,
we describe the architecture and mechanisms used to capture temporal depen-
dencies and improve predictive performance.

3.1 Problem formulation and forecasting task definition

A time series is defined as an ordered sequence of observations of a certain quan-
tity at subsequent time points. In this paper, a time series will be understood
as all observations of concentrations of selected air pollutants and their associ-
ated meteorological parameters, collected at subsequent time points at individual
measurement stations. Formally, the time series y can be defined as follows. Let:

— {y}Z_, be the observed time series (containing historical air pollutant con-
centration values at successive time intervals);

— t — time index (e.g., hour, day);

— T — last known observation time.

In practice, a time series can therefore be a vector of the following form:

y:[y17y27"'7yT]7 (]‘)

where yr denotes the observation value in time unit ¢. In addition to the series
y describing the concentration of a given pollutant (e.g., PMs5), a vector of
meteorological variables is also considered:

Xt = [Ut,dtaTt]a (2)

where v; is the wind speed, d; is the wind direction, and T} is the air temperature
at the moment ¢. These variables create a multidimensional time series:

X = [x1,X2,...,X7]. (3)

The h-step ahead forecasting task involves estimating future pollutant concentra-
tion values, taking into account both historical pollutant data and meteorological
variables:

gT+h|T :f(yltTaXIIT), for h=1,2,...,H, (4)

where:

— Jr4n)7 — forecast of the value of yr,, based on information available up to
and including time T’

— H — forecasting horizon (number of steps forward to be forecasted);

— f(-) — nonlinear function approximated by the applied forecasting model.

3.2 Temporal fusion transformer

The temporal fusion transformer (TFT) model was designed as a hybrid architec-
ture combining recurrent neural networks with an attention mechanism, enabling
simultaneous modeling of short-term and long-term temporal dependencies and
evaluation of the importance of input variables.
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Input and embedding layer Each input variable (PM concentrations and me-
teorological variables) is mapped to a common feature space using embedding
and normalization layers. This allows for unifying the data scale and efficiently
combining information from different sources.

Variable selection network A variable selection network based on gated residual
networks (GRN) is used for each time instant, assigning weights to individual
input features. This module allows for dynamically determining which variables
(PM or meteorological) have the greatest impact on the forecast at a given time
step.

LSTM block We propose to use two LSTM layers in the encoder and one LSTM
layer in the decoder, each with a hidden dimension of 128 neurons. The encoder
processes a sequence of historical data, learning short- and medium-term depen-
dencies. The decoder generates representations for the forecast horizon, ensuring
temporal continuity between past observations and future predictions.

Temporal self-attention A multi-head attention mechanism is implemented at
the output of the LSTM block, which analyzes the relationships between all
time steps in the sequence. This mechanism allows the model to: identify key
moments in the past (e.g., high PM episodes), model long-term relationships,
and differentiate the influence of observations over time using adaptive attention
weights. Formally, for each attention head, the query (Q), key (K), and value
(V) matrices are computed:

Attention(Q, K, V) = softmax(%) \% (5)

which allows for the determination of weights defining the importance of indi-
vidual time steps for the current forecast.

Output layer The outputs from the attention mechanism are passed to the fully
connected layer (dense), which generates the final PM concentration forecast for
one or more time steps ahead. The model supports both single-step (¢ + 1) and
multi-step (¢ +1,--- ,t + H) forecasting.

3.3 Kolmogorov-Arnold Network

Kolmogorov—Arnold Networks (KAN), inspired by the Kolmogorov—Arnold rep-
resentation theorem, were first introduced in [11]. The theorem states that any
continuous multivariate function can be represented as a superposition of con-
tinuous univariate functions, which forms the theoretical foundation of the KAN
architecture. Unlike conventional multilayer perceptrons, KAN explicitly models
nonlinear transformations through learnable univariate functions, enabling more
flexible approximation of complex dependencies.
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In this study, a modified KAN architecture is employed to better adapt the
model to time series forecasting of PM concentrations. The network is com-
posed of fully connected layers with heterogeneous nonlinear basis functions and
regularization mechanisms. The proposed KAN structure is defined as follows:

(1) A first fully connected layer (FC1) with 128 neurons;

(2) A second fully connected layer (FC2) with 256 neurons;

(3) A third fully connected layer (FC3) with 128 neurons;

(4) A fourth fully connected layer (FC4) with 64 neurons;

(5) A final output layer producing the PM concentration prediction.

Unlike traditional neural network architectures that utilize predefined acti-
vation functions, KAN models nonlinear relationships through trainable one-
dimensional functions associated with network connections. In our implemen-
tation, these functions are represented as linear combinations of B-spline basis
functions, evaluated using the Cox—de Boor recursive algorithm [12].

The network processes the input time series using a sliding window approach.
Each window consists of historical PM values and, when applicable, meteoro-
logical variables. The extracted windows are flattened and passed through the
network layers, enabling the model to learn nonlinear temporal dependencies
without explicit recurrent or convolutional operations. To prevent overfitting,
FC1-FC4 layers are followed by dropout. The window size is treated as a tun-
able hyperparameter and optimized during model training.

3.4 Temporal convolutional network

Temporal convolutional networks (TCN) are convolutional architectures specif-
ically designed for sequential data processing, employing dilated causal convo-
lutions to model long-range temporal dependencies while avoiding the gradient
instability issues commonly observed in recurrent neural networks [2]. The re-
ceptive field of a TCN grows exponentially with network depth through the
use of increasing dilation factors, enabling efficient learning of both short- and
long-term temporal patterns.

In this study, an enhanced TCN architecture based on residual blocks is em-
ployed to improve representational capacity and training stability. Each residual
block consists of two one-dimensional convolutional layers with identical dilation
rates, followed by nonlinear activation and dropout regularization. Skip connec-
tions are introduced to facilitate gradient flow and to preserve low-level temporal
features. The proposed TCN architecture is defined as follows:

(1) Five residual TCN blocks, each composed of two 1D convolutional layers
with kernel size 3, SELU activation, layer normalization, and dropout. The
dilation rates of successive blocks are set to {1,2,4,8,16};

(2) A temporal attention layer applied to weight the importance of time steps
within the receptive field;

(3) A final 1 x 1 convolutional layer that maps the extracted features to the
target PM concentration.
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The dilation schedule 1,2,4, 8,16 ensures that the receptive field covers the
entire input window, allowing the model to learn multiscale temporal depen-
dencies. The attention mechanism further enhances the model by adaptively
focusing on the most informative historical time steps, particularly during pol-
lution episodes. The sliding window is used to generate input sequences, enabling
multi-step forecasting based on historical PM and meteorological variables.

4 Experimental evaluation — preliminaries

In this section, we theoretically introduce the experimental evaluation. We dis-
cuss the utilized data, implementation details, training protocol, implementation
details, used baseline models, as well as error measures and model explainability
methods, including LIME and SHAP techniques.

4.1 Collected data and area description

We evaluate the performance of the proposed methods through forecasting simu-
lations based on real-world data obtained from the Chief Inspectorate of Environ-
mental Protection (GIOS)3. This dataset includes historical concentration values
(in pg/m3) for various air pollutants. Specifically, we train and test the proposed
forecasting models: temporal fusion transformer (TFT), Kolmogorov—Arnold
Network (KAN), and temporal convolutional network (TCN). The forecasting
evaluation was conducted with the PMs 5 and PMq historical concentrations.
They were analyzed in the following air quality monitoring stations in Poland:
Bory Tucholskie (Zielonka), Zakopane, Czestochowa, Gliwice, and Szczecin. The
data cover daily particulate matter concentration measurements from January
1, 2022, to December 31, 2022. The models are trained in a twofold manner:

(1) Using only historical PMs 5 and PM;g concentration data;
(2) Using historical PM concentrations augmented with meteorological variables.

This allows to directly compare forecasting accuracy between models trained
with and without meteorological information and to quantify the impact of
weather-related factors on prediction performance. The predicted values are then
compared with the recorded concentrations to assess forecasting accuracy. Mete-
orological data included in the training process consist of the following variables:

— Temperature (°C);
— Wind speed (km/h);
— Wind direction (degrees).

The meteorological data were obtained from the Meteostat platform®*, which
collects and harmonizes historical weather observations from a wide range of
international sources. The weather records correspond to the same time interval

3 https://www.gov.pl/web/gios-en
4 https://meteostat.net /en/
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as the PM measurements, covering the daily period from January 1, 2022, to
December 31, 2022. The meteorological variables were selected based on their
availability and their known influence on PM dynamics. In particular, air tem-
perature affects atmospheric chemical processes, wind conditions determine the
transport and dilution of pollutants, and atmospheric pressure is associated with
thermal inversions that may limit vertical air mixing and lead to pollutant ac-
cumulation near the ground. Including these variables enables the forecasting
models to more realistically represent the physical mechanisms governing PM
concentrations. Daily mean temperature values were used in the experiments.

4.2 Implementation

The proposed models and comparative methods were implemented in Python us-
ing the PyTorch framework with NVIDIA CUDA acceleration. Statistical anal-
yses were conducted in MATLAB. All experiments were performed on a work-
station equipped with an Intel Core 15-10400 processor, 32 GB of RAM, and an
NVIDIA RTX 3060 GPU with 12 GB of video memory.

4.3 Training protocol

Each model was trained under two different setups. In the first setup, only his-
torical PM values were used as input. For TFT, KAN, and TCN, the five most
recent daily PM observations served as input to predict the next day’s concen-
tration. The choice of a five-day window balances capturing short-term temporal
dependencies with maintaining a sufficient number of independent training sam-
ples: shorter windows risk missing relevant patterns, while longer windows reduce
the number of effective samples and may increase overfitting. The second setup
uses full input data, combining PM concentrations with meteorological variables,
i.e., temperature, wind speed, and wind direction. These inputs are represented
as tuples containing one value per variable. The models process five consecutive
daily observations for each variable to produce a forecast for the following day.
Only the PM values are used as targets, allowing the models to minimize the
prediction error effectively.

Model hyperparameters were determined experimentally. All models were
trained with the Adam optimizer (learning rate 0.001) using mean squared error
(MSE) as the loss function. Early stopping was applied to prevent overfitting,
halting training when the validation loss ceased improving, which in our exper-
iments occurred around 500 epochs. The dataset was split chronologically into
training, validation, and testing sets following a 60-20-20 scheme: the first 60%
for training, the next 20% for validation, and the remaining 20% for independent
testing.

All input variables, except wind direction, were normalized to the [0, 1] range.
The correctness of normalization was verified by inspecting min—max ranges and
histograms before and after scaling. Wind direction, measured in degrees, was
encoded as two components, sin(f) and cos(f), where 6 represents the wind
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angle. This approach avoids the discontinuity between 0° and 359°, which would
otherwise be misrepresented by standard min—max scaling.

4.4 Baseline models

We use two baseline models: a recurrent neural network (RNN) and long short-
term memory (LSTM), which, due to paper limitations, we briefly recall below.

RNN A standard recurrent neural network (RNN) with a single hidden layer
of 50 neurons is used to model temporal dependencies in historical PM data. It
processes sequences step by step, capturing short-term patterns but may struggle
with long-term dependencies due to vanishing gradients.

LSTM A long short-term memory (LSTM) network with one hidden layer of
50 units is employed to better capture long-range temporal dependencies. The
LSTM’s gating mechanisms allow it to retain relevant information over longer
sequences compared to an RNN.

4.5 Error measures

To evaluate the performance of the forecasts generated by both the proposed
and state-of-the-art methods, we calculate several error metrics: mean absolute
error (MAE, eq. 6), root mean square error (RMSE, eq. 6), and R? (coefficient
of determination, eq. 7).

1 & S
MAE: —Z|’yt —.CL't|, RMSE: Z(yt —l‘t)2 (6)
ni t=1
Z(yt -9)°
RE—1-b (7)
Z(wt - ?])2
i=1

where x; is the actual value, y; is a predicted value, and § is a mean of the
data y;. The coefficient of determination reaches values [0, 1], where 1 denotes a
perfect fit, and 0 denotes no fit.

4.6 Model explainability methods

LIME LIME (Local Interpretable Model-agnostic Explanations) is a model-
agnostic technique that explains individual predictions by approximating the
behavior of a complex model in the vicinity of a given instance using a simple
and interpretable surrogate model, typically linear. The resulting local model
coefficients indicate the relative importance of input features for the explained
prediction [20].
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SHAP SHAP (Shapley Additive Explanations) is an explainable artificial intel-
ligence method based on cooperative game theory. It attributes the prediction of
a model to individual input features by computing Shapley values, which quan-
tify the marginal contribution of each feature to the final output. This approach
provides both local explanations for single predictions and global insight into
feature importance through the dataset [13].

5 Experimental results

We present the evaluation of the proposed models: temporal fusion transformer
(TFT), Kolmogorov-Arnold Network (KAN), temporal convolutional network
(TCN) against the baseline methods: recurrent neural network (RNN) and long
short-term memory network (LSTM).

5.1 Forecasting results

The forecasting results for PMs 5 and PM;, are presented in Tab. 1, and 2.

Table 1. Forecasting performance for PMs 5 concentrations across different stations.
TFT, KAN, and TCN are the proposed methods, while RNN and LSTM serve as
baseline models. Methods denoted without * were trained using only historical PM
data, whereas methods with * were trained with both PM and meteorological variables.

TFT TFT* KAN KAN* TCN TCN* RNN RNN* LSTM LSTM*

MAE 0.10 0.09 0.11 0.09 0.10 0.08 0.21 0.19 0.19 0.18
KpZielBoryTu RMSE 0.25 0.22 0.27 0.21 0.26 0.22 0.28 0.26 0.27 0.25
R? 0.88 0.91 0.86 0.91 0.86 0.92 0.84 0.86 0.85 0.87

MAE 0.12 0.09 0.13 0.10 0.10 0.09 0.22 0.19 0.19 0.18
MpZakopaSien RMSE 0.25 0.19 0.25 0.21 0.24 0.23 0.27 0.24 0.26 0.24
R? 0.87 091 0.87 091 0.88 0.93 0.85 0.86 0.85 0.86

MAE 0.12 0.10 0.12 0.11 0.14 0.10 0.19 0.18 0.15 0.14
SlCzestoZana RMSE 0.23 0.21 0.22 0.19 0.25 0.20 0.28 0.27 0.26 0.24
R? 0.84 0.89 0.85 0.91 0.87 0.91 0.84 0.85 0.84 0.86

MAE 0.13 0.10 0.11 0.08 0.11 0.08 0.20 0.18 0.16 0.14
SlGliwicMewy RMSE 0.27 0.23 0.25 0.21 0.26 0.22 0.29 0.27 0.25 0.24
R? 0.89 0.91 0.87 091 0.87 092 0.85 0.89 0.84 0.85

MAE 0.13 0.08 0.14 0.09 0.12 0.11 0.21 0.18 0.17 0.15
ZpSzczeclMaj RMSE 0.24 0.21 0.27 0.22 0.26 0.22 0.29 0.28 0.28 0.27
R? 0.87 091 085 0.90 0.86 0.92 0.81 0.85 0.82 0.83

The results show that all the proposed neural models consistently outperform
the baseline RNN and LSTM models in forecasting PMs 5 concentrations across
all stations. Training the models in the twofold setup clearly demonstrates the
added value of meteorological variables. For all three proposed models, utilizing
temperature, wind speed, and wind direction (TFT*, KAN* TCN*) reduces
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MAE and RMSE while increasing R? compared to the PM-only setup, high-
lighting improved predictive accuracy. Among the proposed methods, TFT and
TCN generally achieve the lowest MAE and RMSE. The R? values for TFT*,
KAN* and TCN* range from 0.91 to 0.93, indicating that these models explain
more than 90% of the variance in PM, 5 concentrations across the evaluated sta-
tions when meteorological data are included. Baseline models (RNN and LSTM)
also benefit from adding meteorological variables, but their performance remains
inferior to the proposed architectures, with higher errors and lower R2. These
results confirm that the TFT, KAN, and TCN architectures are highly effec-
tive for PMs 5 forecasting, and that integrating relevant meteorological features
further enhances model performance.

Table 2. Forecasting performance for PMio concentrations across different stations.
TFT, KAN, and TCN are the proposed methods, while RNN and LSTM serve as
baseline models. Methods denoted without * were trained using only historical PM
data, whereas methods with * were trained with both PM and meteorological variables.

TFT TFT* KAN KAN* TCN TCN* RNN RNN* LSTM LSTM*

MAE 0.11 0.10 0.14 0.09 0.12 0.10 0.22 0.21 0.18 0.16
KpZielBoryTu RMSE 0.25 0.22 0.26 0.22 0.26 0.21 0.29 0.28 0.26 0.25
R? 0.88 091 0.88 091 0.87 0.90 0.84 0.85 0.85 0.86

MAE 0.12 0.10 0.13 0.10 0.14 0.09 0.22 0.20 0.23 0.21
MpZakopaSien RMSE 0.26 0.21 0.25 0.21 0.25 0.22 0.26 0.25 0.25 0.24
R? 0.87 0.91 085 091 0.87 0.92 0.83 0.85 0.84 0.86

MAE 0.11 0.09 0.10 0.10 0.10 0.09 0.18 0.16 0.16 0.14
SlCzestoBacz RMSE 0.26 0.21 0.24 0.21 0.26 0.23 0.27 0.25 0.26 0.24
R? 0.89 0.89 0.84 0.89 0.85 091 0.82 0.83 0.84 0.85

MAE 0.12 0.09 0.15 0.09 0.13 0.08 0.18 0.16 0.15 0.14
SlKnurJedNar RMSE 0.26 0.22 0.29 0.22 0.24 0.21 0.29 0.25 0.26 0.22
R? 0.88 0.90 0.87 0.91 0.87 0.92 0.82 0.84 0.85 0.87

MAE 0.13 0.11 0.11 0.09 0.14 0.11 0.17 0.15 0.16 0.13
ZpSzczeclMaj RMSE 0.25 0.21 0.24 0.22 0.26 0.23 0.28 0.26 0.24 0.23
R? 0.87 0.89 0.85 0.91 0.84 0.90 0.81 0.85 0.84 0.86

The results in Table 2 indicate that the proposed neural models (TFT, KAN,
and TCN) outperform the baseline RNN and LSTM models in forecasting PM;q
concentrations on all evaluated stations. Similarly, as with PMs 5, training the
models in a twofold setup demonstrates that using temperature, wind speed,
and wind direction slightly improves predictive performance. In nearly all cases,
the MAE and RMSE decrease and R? increases when meteorological data are
included (TFT*, KAN* TCN*), highlighting the added value of meteorological
inputs. Among the proposed methods, TCN* and KAN* consistently achieve the
lowest errors, while R? values for TFT*, KAN* and TCN* typically exceed 0.90,
meaning these models explain more than 90% of the variance in PM1q concentra-
tions. The baseline models also benefit from adding meteorological features, but
their overall accuracy remains lower than of the proposed architectures. These
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results confirm that TFT, KAN, and TCN are highly effective for PM;( fore-
casting, and that the inclusion of relevant meteorological variables enhances the
quality of predictions.

5.2 Model explainability methods

We have evaluated the results of model explainability analyses obtained using
LIME and SHAP methods, providing insight into how individual input variables
influence the forecasting of PM concentrations.

LIME The results of LIME analysis are presented in Tab. 3.

Table 3. The influence of features on prediction by the LIME method for different
deep models.

Feature TFT KAN TCN RNN LSTM
PM —0.216 —0.217 —0.137 —0.136 —0.139
Wind speed 0.005 0.002 0.024 —0.022 —0.021
Wind direction 0.004 0.002 —0.010 0.015 0.017
Temperature 0.004 0.001 0.009 0.013 0.011

Analysis of the model’s local explanations using the LIME method showed
that the PM feature had a dominant, negative effect on the predictions in all
the deep models examined, with weight values ranging from -0.216 for TFT
to -0.137 for TCN. These results suggest that higher PM values in the sample
lower the predicted PM concentration, which may reflect local variations in the
data, such as autocorrelation. Meteorological features such as wind speed, wind
direction, and temperature showed a much smaller effect, with weight values
ranging from -0.022 to 0.024, with their direction (positive or negative) varying
between models. For example, wind speed had a positive effect in TCN (0.024)
but a negative effect in RNN and LSTM (-0.022 and -0.021). The TFT and KAN
models showed similar feature influence profiles, with minimal contribution from
meteorological features, which may indicate limited use of these variables in their
decision-making process compared to recurrent models (TCN, RNN, LSTM).

SHAP The results of SHAP analysis are presented in Tab. 4.

Table 4. Average impact of features on SHAP prediction for different deep models.

Feature TFT KAN TCN RNN LSTM
PM 0.166 0.172 0.100 0.102 0.101
Wind speed 0.002 0.002 0.008 0.007 0.008
Wind direction 0.003 0.004 0.019 0.022 0.021
Temperature 0.002 0.002 0.019 0.011 0.016
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Analysis of the average influence of features using the SHAP method revealed
that the PM feature has the largest contribution to the predictions of all models,
with average influence values ranging from 0.100 (TCN) to 0.172 (KAN). High
values for TFT and KAN (0.166 and 0.172) suggest that these models rely heavily
on PM, potentially at the expense of other features. Among the meteorological
features, wind direction showed a larger influence in the recursive models (TCN:
0.019; RNN: 0.022; LSTM: 0.022) than in TFT (0.003) and KAN (0.004). A
similar result is observed in the case of temperature. SHAP results confirm the
dominance of PM in all models, while also highlighting the greater sensitivity of
recursive models to meteorological features, which may be due to their ability
to capture temporal dependencies in the data.

5.3 Summary

The results indicate that including meteorological variables yields a slight im-
provement in forecasting accuracy compared to using historical PM data alone.
The proposed models (TFT, KAN, and TCN) consistently outperform the base-
line RNN and LSTM approaches across all stations and evaluation metrics. The
explainability analysis based on LIME and SHAP suggests that meteorological
variables contribute to the predictions, although their impact remains secondary
to that of historical PM concentrations. These observations confirm the robust-
ness of the proposed architectures while indicating that meteorological informa-
tion provides only limited additional benefit in short-term PM forecasting.

6 Conclusion

This study evaluated three modern neural network models: the temporal fusion
transformer, the Kolmogorov-Arnold Network, and the temporal convolutional
network for short-term forecasting of particulate matter concentrations using
data from air quality monitoring stations located in diverse regions of Poland.
The proposed models consistently achieved better forecasting accuracy than the
baseline methods on all stations. Training with meteorological variables led to
slight improvements over using historical PM data alone, indicating that short-
term PM dynamics are dominated by their temporal structure. The use of LIME
and SHAP provided additional insight into the contribution of individual mete-
orological factors to the prediction results.

Future research will focus on extending the models to multi-step forecasting
and utilizing additional explanatory variables, such as traffic intensity or emis-
sion indicators. Another promising direction is the use of spatiotemporal ap-
proaches that exploit dependencies between neighboring stations. Further work
may also explore alternative explainability techniques and their consistency with
atmospheric knowledge.

Disclosure of Interests. The authors declare that they have no competing interests.
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Abstract

Particulate matter (PM), especially PM10 and PM2.5, poses a significant threat to human health and
the environment. Accurate forecasting of particulate matter concentrations is essential for air quality
management, public health protection, and the implementation of effective pollution reduction
strategies. In this study, we investigate the problem of short-term forecasting of PM10 and PM2.5
concentrations using historical measurements. To address this challenge, we propose and evaluate
two independent deep learning approaches: the Kolmogorov-Arnold Network (KAN) and the
temporal fusion transformer (TFT). The KAN model is designed to capture complex nonlinear
relationships within air quality time series, whereas the TFT architecture utilises attention
mechanisms to model temporal dependencies and identify relevant patterns over time. The proposed
models are trained and tested on real-world air quality datasets in two ways: using only historical
concentrations and using both historical concentrations and meteorological data. The forecasting
performance is assessed using standard metrics, including MAE, MSE, and R2 measures.
Experimental results confirm the efficacy of the proposed methods, compared with the LSTM-based
baseline model.

Keywords: air pollution, forecasting, deep models, particulate matter

Introduction

Particulate matter (PM) is one of the most harmful air pollutants due to its adverse
effects on human health and the environment. Depending on particle size,
particulate matter is commonly classified as PM, , consisting of particles with
diameters smaller than 10 um, and PM, , which includes finer ones with diameters
below 2.5 um. Exposure to elevated concentrations of PM has been associated with

DOI: 10.5604/01.3001.0055.8185
Received: 10.06.2026 Accepted: 26.06.2026 Published: 29.06.2026
This is an open access article under the CCBY license (http://creativecommons.org/licenses/by/4.0/).
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numerous health problems, including respiratory diseases, cardiovascular
disorders, and increased mortality rates. In addition to its impact on public health,
PM contributes to environmental degradation, reduced visibility, and climate-
related effects. Consequently, continuous monitoring of PM concentrations has
become a critical component of air quality management systems. Accurate
forecasting of PM concentrations enables authorities and citizens to take preventive
actions before pollution episodes occur, for example, by reducing exposure risks
and supporting informed decision-making. As a result, the development of reliable
forecasting models for PM concentrations has attracted considerable attention
from researchers in recent years (Kujawska et al., 2022; Liu et al., 2025).

Despite significant improvements in air quality over the past decade, PM pollution
remains a serious environmental challenge in Poland (Badyda et al., 2016). Elevated
concentrations of PM10 and PM2.5 are frequently observed, particularly during
the heating season, when emissions from residential solid-fuel combustion
increase substantially. Additional sources of PM include road transport, industrial
activities, and unfavourable meteorological conditions that limit pollutant
dispersion (Majewski et al., 2024). Although numerous air quality improvement
programs have beenimplemented, exceedances of recommended PM concentration
limits still occur in many urban and suburban areas. Therefore, accurate monitoring
and forecasting of PM concentrations remain essential to support environmental
policies and protect public health in Poland (Penkata et al., 2023; Potednik, 2022).
In Poland, the air quality is monitored by the Chief Inspectorate of Environmental
Protection (GIOS)!, which also provides data online. Numerous studies have
explored the prediction of air pollutant concentrations using a wide range of
approaches, including machine learning methods (Gryech et al., 2024), deep
learning architectures (Swetha et al., 2024), and hybrid frameworks that combine
multiple modelling techniques (Borah et al., 2024; Séwka et al., 2019).

This study investigates short-term forecasting of PM, and PM, . concentrations using
two modern neural network architectures: the Kolmogorov-Arnold Network (KAN)
and the temporal fusion transformer (TFT). To evaluate their predictive capabilities,
two experimental scenarios are considered. In the first scenario, the models are
trained exclusively on historical PM concentrations. In the second scenario, historical
PM data are supplemented with selected meteorological variables, including
temperature, wind speed, wind direction, and atmospheric pressure. This experimental
design enables the assessment of both the forecasting performance of KAN and TFT
and the influence of meteorological information on prediction accuracy. The models
are compared against an LSTM-based baseline using real-world data collected at
several Polish monitoring stations that represent different environmental conditions.

1

https://www.gov.pl/web/gios-en
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Selected Previous Studies on Particulate Matter Forecasting
and Meteorological Determinants

Previous studies on particulate matter forecasting have applied a broad range of
statistical, machine learning, deep learning, and hybrid approaches, often
incorporating meteorological variables as additional predictors. These works provide
a reference background for assessing whether advanced neural network architectures
canimprove PM, ;and PM, forecastingaccuracyunder differentinputconfigurations.

Among studies addressing the role of meteorological factors in particulate matter
variability, Won et al. (2021) investigated the influence of PM hygroscopicity on
atmospheric visibility. Their research focused on both coarse particulate matter (CPM)
and PM, ,, examining how meteorological conditions affect particle behaviour and
optical properties. To quantify the relationship between PM concentrations and weather
variables, the authors proposed a censored regression model to estimate hygroscopic
growth characteristics. The approach was validated using PM, ; measurements collected
by low-cost sensors deployed in two different regions. The findings revealed that
increased concentrations of CPM and PM, , reduce visibility, while relative humidity
amplifies these effects. Furthermore, using humidity-dependent correction factors
significantly enhanced the accuracy of low-cost sensor measurements. The study
emphasises the importance of considering interactions between meteorological
conditions and PM in air quality assessment and forecasting applications.

Rogula-Kozlowska et al. (2014) investigated the seasonal variability of PM,
concentrations and their chemical composition at three monitoring sites located
in different regions of Poland: Katowice, Gdansk, and Diabla Goéra. Their analysis
revealed elevated PM, . levels at all locations, with the highest concentrations
observed during winter in Katowice. Carbonaceous species, secondary inorganic
aerosols, and benzo(a)pyrene were identified as the predominant constituents,
with the latter contributing substantially to increased health risks during the
heating season.

Vovk et al. (2024) introduced a hybrid modelling framework for PM, , estimation
in Poland that combines the EMEP4PL chemical transport model w1th a random
forest algorithm. The proposed approach uses information from the transport
model together with meteorological variables, emission data, land-use
characteristics, and temporal predictors. The proposed solution achieved improved
predictive performance, including higher coefficients of determination, lower
estimation bias, and enhanced capability to identify high-pollution events,
compared with the standalone chemical transport model.

Kowalski et al. (2020) explored the application of advanced neural network
techniques for forecasting PM, concentrations over a 24-hour horizon. The authors
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assessed the proposed method using multiple error metrics and benchmarked its
performance against alternative forecasting approaches. Their results demonstrated
that convolutional neural networks can provide accurate short-term air quality
predictions and are a promising tool for PM forecasting.

Czernecki et al. (2021) investigated the use of machine learning techniques for
short-term forecasting of PM, and PM, . concentrations in four major Polish
urban agglomerations, ut11131ng a decade of observational data from background,
traffic, and industrial monitoring stations. The study compared several models,
including stepwise regression, random forest, XGBoost, and neural networks, and
found that XGBoost achieved the best predictive performance, whereas stepwise
regression yielded the weakest results.

Tong et al. (2024) proposed a transformer-based framework for spatiotemporal
prediction of PM, | concentrations, using aerosol optical depth data collected over
California. The developed model demonstrated improved performance over LSTM
and other baseline methods across multiple evaluation metrics.

Mauricio et al. (2024) explored the application of transformer architectures for
forecasting CPM in Mexico City across different prediction horizons. Their results
indicate that the transformer model outperforms traditional approaches, such as
ARIMA and LSTM across multiple monitoring sites; however, the study also notes
limitations in short-term prediction accuracy, particularly in areas characterised
by strong spatial variability and proximity to industrial emission sources.

Cichowicz et al. (2020) analysed PM  concentrations in Poland during winter
seasons, showing that low wind speeds significantly contribute to increased air
pollution levels. Based on data from three monitoring stations, the study identified
smog episodes (the so-called black smog) and validated measurements from a site
located near a large waste incineration facility. The results further confirm the
important role of wind direction in pollutant transport and local accumulation.

Tariq et al. (2023) addressed the problem of forecasting PM, . concentrations in
underground subway environments. A hybrid framework that combines a gated
probabilistic transformer with a genetic algorithm-based quantile scheduling
mechanism is proposed to enhance early-warning capabilities and support
ventilation control. The model provides more accurate sequential risk predictions,
tighter uncertainty bounds, and improved control of PM,  levels, compared to
conventional approaches.

Ramentol et al. (2023) focused on predicting NO, concentrations using machine
learning techniques based on historical pollutant and meteorological data, with the
city of Erfurt (Germany) as the study area. The model utilises embedded temporal
features that allow for capturing local influences, such as traffic patterns and special
events. The experimental results demonstrate that the proposed approach
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outperforms competing methods, particularly during periods when standard
seasonal patterns are disrupted, such as holidays or irregular emission conditions.

Sharma et al. (2020) proposed a hybrid deep learning framework that integrates
a convolutional neural network with an LSTM architecture to forecast hourly total
suspended particle (TSP) concentrations in Australia. The developed model was
extensively evaluated and demonstrated improved performance compared to an
ensemble of five alternative machine learning approaches.

Kujawska et al. (2022) compared several machine learning techniques for PM
concentration forecasting in Lublin, including both meteorological and chemical
variables. Among the tested models, the artificial neural network achieved the best
predictive performance, effectively identifying exceedance risks of PM,  levels.

Kryza et al. (2019) investigated air quality forecasting in Poland using the WRE-
Chem model and compared two emission estimation approaches: the baseline
GENEMIS method and the heating degree day (HDD) approach. The results
indicated that both methods produced comparable performance. However, the
HDD approach better captured pollutant concentrations during warmer periods,
while the baseline method tended to overestimate values.

Du et al. (2022) proposed a hybrid PM, . forecasting and impact assessment
framework that integrates data preprocessing, feature extraction, and an optimised
extreme learning machine (ELM) model tuned using the Harris hawk optimisation
algorithm. In addition to accurate PM, , prediction, the system estimates associated
health impacts and economic losses. Experiments conducted on datasets from
Beijing, Tianjin, and Shijiazhuang demonstrated the effectiveness of the proposed
approach for supporting environmental management, emission-reduction
strategies, and public health protection.

The selected studies indicate that forecasting performance in particulate matter
prediction depends on both the modelling approach and the type of input data used.
In particular, the inclusion of meteorological variables has been shown to improve
the representation of short-term PM variability under different environmental
conditions. Against this background, the present study evaluates KAN and TFT
architectures for PM,  and PM, , forecasting under two input configurations: using
historical PM concentrations alone and in combination with selected meteorological
variables, with LSTM adopted as the baseline reference model.

Methodology and Experimental Design

Data Sources and Study Area

The performance of the proposed forecasting approaches was assessed through
simulation experiments using real-world observations from the Chief Inspectorate
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of Environmental Protection (GIOS). The dataset contains historical concentration
values (pug/m®) for multiple air pollutants. The main objective is to train the
developed models on PM  and PM,  time series collected from several Polish
cities (referred to as the 0r1g1nal dataset) and using selected meteorological
variables. The predicted concentrations are subsequently compared with the
observed values to evaluate forecasting accuracy. The dataset covers the period
from January 2022 to December 2024.

The meteorological inputs include temperature (°C), wind speed (km/h), wind
direction (°), and atmospheric pressure (hPa). These variables were obtained from
the Meteostat platform, which aggregates historical weather data from multiple
global sources. The meteorological dataset corresponds to the same time interval
as the air quality measurements, i.e., from January 2022 to December 2024.

The selected features were chosen for their completeness and relevance to PM
dynamics. Temperature influences chemical reaction rates in the atmosphere,
wind conditions affect pollutant dispersion, and atmospheric pressure contributes
to the formation of inversion layers that can trap pollutants near the surface and
increase their concentrations. In this study, temperature is represented by the
daily mean, ensuring consistency with the dataset. For this study, the dataset
provided a consistent set of observations, including both PM concentrations and
meteorological variables required for model training and evaluation.

The evaluation was based on historical concentrations of PM, and PM, , measured
at the air quality monitoring stations in Poland. The locations of the monitoring
stations are reported with geographic coordinates (latitude ¢, longitude A) in the
WGS84 reference system. The analysed locations are the following:

o« Zielonka Bory Tucholskie (KpZielBoryTu; 53,662117° N; 17,934017° E);
o Zakopane (MpZakopaSien; 49,2936° N; 19,9601° E);

o Czestochowa - SICzestoZana (50,801918° N; 19,106961° E — PM2.5)
/ SICzestoBacz (50,836389° N; 19,130111° E - PM10);

« Gliwice/Knurow - SIGliwicMewy (50,279481° N; 18,655736° E - PM2.5)
/ SIKnurJedNar (50,233167° N; 18,655722° E — PM10);

e Szczecin (ZpSzczec1Maj; 53,712114° N; 16,692517° E).

In the Czgstochowa and Gliwice/Knurdw regions, PM,  and PM, | concentrations
are measured at multiple monitoring stations located in close spatial proximity.
For example, the stations SICzestoZana and SICzestoBacz are positioned near each
other in Czestochowa, while SIGliwicMewy and SIKnurJedNar form a similar pair
in the Gliwice-Knurow area. Although the relatively short distances between these
stations suggest comparable measurement conditions, even minor spatial
separations (e.g., on the order of several hundred meters) can still result in
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noticeable differences in recorded particulate matter levels due to local emission
sources and microenvironmental conditions. The geographical locations of the
monitoring stations considered are illustrated in Figure 1.

Ps @ KpZielBoryTu
ZpSzczeclMaj (PM,o, PM,;5)
(PM,o, PM, ;) (Zielonka Bory Tucholskie)

(Szczecin)

SlICzestoBacz (PM;,)

®SiCzestozana (PM.5)
(Czestochowa)

SIKnurJedNar(PM,,) (Knuréw)
SiGliwicMewy (PM, 5) (Gliwice

MpZakopaSien
(Zakopane) | ®

(PM,4, PM, )

Figure 1. The location of the air quality monitoring stations in Poland used in the experiment

The selection of monitoring stations was based primarily on the completeness and
temporal continuity of the available datasets over the considered study period, ensuring
the absence of significant gaps in both pollutant and meteorological observations.
Furthermore, the chosen stations were selected to represent a range of environmental
conditions across Poland. Specifically, Zielonka Bory Tucholskie (KpZielBoryTu)
represents rural background conditions, Zakopane (MpZakopaSien) corresponds to
a mountainous environment, while Czestochowa (SICzestoBacz / SICzestoZana),
Gliwice/Knuréw (SIGliwicMewy / SlKnurJedNar), and Szczecin (ZpSzczeclMaj)
reflect urban and industrial settings. This diversity of locations enables a more
comprehensive evaluation of the proposed models under varying air quality regimes
and contributes to assessing their robustness and generalisation capability.

Input Variables and Forecasting Configurations

The forecasting task was defined as a next-day prediction of PM  or PM,
concentration based on historical observations. Two input configurations were
considered. In the first configuration, only historical PM concentrations were used
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as predictors. In the second configuration, historical PM concentrations were
supplemented with selected meteorological variables, including temperature, wind
speed, wind direction, and atmospheric pressure.

For the full input configuration, the input vector at time step f included PM
concentration and meteorological variables and was defined as follows:

Xt — [Xconc, Xtemp’ Xwind, deir, Xpres]

where x“ denotes historical PM concentration, x*“™? denotes temperature in °C,
x"n denotes wind speed in km/h, x*¥" denotes wind direction in degrees, and x*
denotes atmospheric pressure in hPa. The model output was a single forecasted
value of PM,  or PM, | concentration for the next time step.

Data Preprocessing and Training Procedure

The input data were prepared using a sliding window approach. For each sample,
five consecutive daily observations were used to predict the PM  or PM,
concentration for the following day. The five-day input window was selected to
capture short-term temporal dependencies while maintaining a sufficient number
of training samples. Shorter sequences may not fully represent relevant temporal
patterns, whereas longer windows may reduce the number of available training
examples and increase the risk of overfitting.

The dataset was split chronologically into training, validation, and testing subsets
using a 75/15/15 ratio. The first 75% of the time series was used for model training,
the next 15% for validation, and the remaining 15% for independent evaluation.
All input features, except wind direction, were normalised to the [0, 1] range.
Wind direction was transformed using circular encoding, in which the angle 6 was
represented byitssineand cosine components. This procedureavoids discontinuities
associated with angular variables and prevents the artificial separation of values
near 0° and 360°.

The hyperparameters of the models were determined empirically. Training was
performed using the Adam optimiser with a learning rate of 0.001 and the mean
squared error (MSE) loss function. To reduce the risk of overfitting, early stopping
was applied when no improvement in validation loss was observed. In practice,
convergence typically occurred after approximately 1000 epochs.

The forecasting models and baseline method were implemented in Python using
the PyTorch framework with CUDA acceleration. Statistical analyses were carried
out in MATLAB. All experiments were performed on a Gigabyte Aero laptop
equipped with an Intel Core i7-13700H processor, 32 GB of RAM, and NVIDIA
GeForce RTX 4070 GPU with 8 GB of VRAM.
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Forecasting Models

The forecasting framework included two deep neural network architectures: the
Kolmogorov-Arnold Network (KAN) and the temporal fusion transformer (TFT).
Both models were trained and evaluated using the same input configurations,
preprocessing procedure, and the train-test split. The architectures of the
considered models are presented below.

Kolmogorov—Arnold Network

Kolmogorov-Arnold Networks (KAN) are motivated by the Kolmogorov-Arnold
representation theorem, which states that any multivariate continuous function
can be decomposed into a composition of univariate continuous functions. This
theoretical result forms the basis of the KAN architecture. KAN explicitly
parameterises nonlinear transformations with learnable one-dimensional
functions, thereby enhancing its ability to approximate complex nonlinear
relationships.

In contrast to conventional neural networks that rely on fixed activation functions,
the KAN architecture employs learnable univariate functions defined on network
connections. These functions are represented using B-spline basis functions,
whose values are computed through the Cox-de Boor recursion formula (Ma &
Shen, 2023). During training, the spline coefficients are optimised together with
the network parameters, allowing the model to adaptively learn nonlinear
transformations from data. In this study, the adopted KAN model consists of
multiple KAN layers with 128, 256, 128, and 64 hidden units, followed by a linear
output layer producing the PM concentration forecast. Dropout regularisation is
applied between successive layers to reduce overfitting. The illustrative scheme of
the discussed KAN architecture is presented in Figure 2.

~

(PM historical conc.

Temperature

Wind speed

Wind direction

\Atmospheric.pressure) (PM %ntration‘
Input KAN layers Output

Figure 2. The structure of the KAN network

The input data are processed using a sliding-window approach, in which each
sample includes historical PM measurements and, when available, meteorological
variables. These windows are flattened and fed into the network, allowing it to
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capture nonlinear temporal dependencies without relying on recurrent or
convolutional structures. The size of theinput windowis treated asa hyperparameter
and optimised during training.

Temporal Fusion Transformer

The temporal fusion transformer (TFT) is a hybrid deep learning architecture that
integrates recurrent neural networks with an attention mechanism, enabling the
model to capture both short-term and long-term temporal dependencies while
simultaneously assessing the relevance of input variables.

Each input feature, including PM concentrations and meteorological variables, is
first transformed into a unified representation through embedding and normalisation
layers, ensuring consistent scaling and effective integration of heterogeneous data
sources.

A variable selection network, built on gated residual networks, is applied at each
time step to dynamically assign importance weights to individual predictors. This
mechanism allows the model to adaptively determine which variables have the
strongest influence on the forecast at a given moment.

The temporal processing component consists of LSTM layers: two in the encoder
and one in the decoder, each with 128 hidden units. The encoder extracts short-
and medium-term temporal patterns from historical sequences, while the decoder
generates representations for the prediction horizon, preserving temporal
coherence between past observations and future outputs.

To further enhance temporal modelling, a multi-head self-attention mechanism is
applied after the LSTM block. This module captures dependencies across all time
steps, enabling the identification of critical historical events (e.g., pollution peaks)
and the learning of long-range temporal relationships. The multi-head self-attention
module employs four attention heads operating on a hidden representation of
dimension 128. Furthermore, two transformer layers are used to model long-range
temporal dependencies and interactions between different time steps in the input
sequence. The attention mechanism is defined as:

Attention(Q, K, V) = softmax(QKT) - V

which computes adaptive weights reflecting the importance of each time step in
the forecasting process.

In the attention mechanism, Q (Query), K (Key), and V (Value) are learned
representations derived from the input sequence. The query matrix Q represents
the information for which the model seeks relevant context, while the key matrix
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K contains descriptors used to measure the similarity between different time steps.
The value matrix V stores aggregated information passed to subsequent layers. The
product (QK") computes similarity scores between queries and keys, and the
softmax function converts these scores into normalised attention weights. These
weights are then applied to V, allowing the model to focus on the most relevant
observations when generating a forecast. Finally, the aggregated representations
are passed through a fully connected layer to produce PM,  and PM,  forecasts.
The model supports both single-step and multi-step prediction horizons, allowing
estimation of future concentrations over (t+1) or (t+1, ..., t+H).

The scheme of the discussed approach is presented in Figure 3.

(PM historical conc.
Temperature
Wind speed

Wind direction LSTM
\Atmospheric pressure encoder
/ \_
LSTM
Input decoder

Figure 3. The structure of the TFT framework

Multi-head (PM concentration |

attention

\ /
Dense Output
layer

Baseline Model

A long short-term memory (LSTM) network was used as a baseline model to serve
as a reference for evaluating the performance of the proposed KAN and TFT
architectures. The LSTM model was trained and tested under the same two input
configurations as the proposed models: using only historical PM concentrations and
using historical PM concentrations supplemented with meteorological variables.

The baseline network consisted of four LSTM layers with 64 hidden units, followed
by a fully connected linear layer transforming the hidden representation into
a single forecasted PM,  or PM, . concentration value. The same training procedure
and hyperparameter settings were applied to the LSTM model as to the proposed
architectures, enabling a consistent comparison of forecasting performance.

Evaluation Metrics

The forecasting performance of the proposed KAN and TFT models and the
baseline LSTM network was evaluated using two standard error metrics: mean
absolute error (MAE, eq. 1), mean squared error (MSE, eq. 2), and coefficient of
determination (R’ eq. 3). These metrics were calculated by comparing the
predicted PM10 and PM2.5 concentrations with the corresponding observed
values in the test dataset.
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where x _is the actual value, y is a predicted value, y _ is the average real value, and
n is the number of input observations. Lower MAE and MSE values indicate better
forecasting performance. Since PM concentration values were normalised to the
[0,1] min-max range before model training, the reported MAE, MSE, and R? values
refer to the normalised scale rather than to the original concentration units
expressed in pg/m®. Therefore, these metrics should be interpreted primarily as
comparative measures of forecasting performance between models, input
configurations, and monitoring stations.

Results and Discussion
The results for PM, , forecasting experiments are presented in Table 1.

The obtained results indicate that both proposed architectures, KAN and TFT,
consistently outperform the baseline LSTM model across all considered monitoring
stations and evaluation metrics. In terms of MAE, proposed models achieve the
lowest error values, typically ranging between 0.11 and 0.12, while LSTM shows
noticeably higher errors, reaching up to 0.17-0.20 depending on the station.
A comparison between models trained with and without meteorological data
(denoted by the asterisk) demonstrates a lower forecasting accuracy when
meteorological variables are excluded. For both KAN* and TFT*, higher MAE and
MSE values are observed at all locations, confirming that the inclusion of
meteorological information improves forecasting accuracy. This effect is particularly
evident in more variable environments, such as Szczecin and Gliwice, where the
differences between full and reduced input configurations are more visible. In terms
of MSE, KAN generally achieves the most stable and lowest error values through
stations, closely followed by TFT, while LSTM exhibits the highest variability and
error levels. Although in some cases TFT shows competitive or slightly lower MSE
values, its performance remains consistently better when meteorological inputs are
included. For all monitoring stations and forecasting models, higher R* values were
obtained when meteorological variables were included, indicating that weather-
related information improves the models’ ability to explain the variability of PM
concentrations. MAE results are summarised in Figure 4.
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Table 1. Error measure values for the proposed methods from all the air quality monitoring

stations for the PMZ.5 fraction

Error
Air station KAN KAN* TFT TFT* LSTM | LSTM*
measure
MAE 0.13 0.11 0.14 0.11 0.17 0.16
Zielonka Bory
. MSE 0.04 0.03 0.06 0.04 0.07 0.06
Tucholskie
R? 0.87 0.90 0.87 0.89 0.85 0.86
MAE 0.12 0.11 0.15 0.12 0.20 0.15
Zakopane MSE 0.05 0.04 0.04 0.03 0.08 0.05
R? 0.86 0.89 0.87 0.91 0.84 0.85
MAE 0.11 0.11 0.15 0.11 0.18 0.17
Czestochowa MSE 0.05 0.03 0.05 0.03 0.07 0.05
R? 0.87 0.89 0.87 0.90 0.85 0.86
MAE 0.14 0.12 0.15 0.11 0.18 0.17
Gliwice MSE 0.05 0.04 0.04 0.03 0.06 0.06
R? 0.86 0.89 0.87 0.89 0.84 0.86
MAE 0.14 0.11 0.15 0.12 0.19 0.15
Szczecin MSE 0.04 0.03 0.05 0.03 0.08 0.06
R? 0.87 0.90 0.88 0.90 0.84 0.86

MAE and MSE values are reported on the normalised [0,1] scale. The KAN*, TFT*,
and LSTM* denote the proposed and baseline methods trained, including the
meteorological data, while methods denoted without * were trained using only
historical PM data.
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MAE comparison (PM2.5)
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Figure 4. MAE comparison for PM, forecasting for all considered models
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Overall, the results demonstrate that using meteorological variables improves
prediction accuracy across all tested models, and that KAN and TFT provide more
robust and accurate forecasts than the classical LSTM architecture under diverse
environmental conditions. Table 2 presents the results of PM,  forecasting evaluation.

Table 2. Error measure values for the proposed methods from all the air quality monitoring
stations for the PM, | fraction.

Error
Air station KAN KAN* TFT TFT* LSTM | LSTM*
measure
MAE 0.12 0.10 0.14 0.11 0.15 0.14
Zielonka Bory
) MSE 0.04 0.03 0.05 0.03 0.06 0.05
Tucholskie
R? 0.87 0.90 0.87 0.90 0.83 0.86
MAE 0.13 0.11 0.15 0.12 0.19 0.15
Zakopane MSE 0.04 0.03 0.04 0.03 0.08 0.04
R? 0.87 0.89 0.87 0.90 0.84 0.85
MAE 0.11 0.10 0.13 0.11 0.19 0.16
Czestochowa MSE 0.05 0.03 0.05 0.03 0.07 0.05
R? 0.86 0.89 0.88 0.91 0.84 0.85
MAE 0.15 0.12 0.14 0.12 0.18 0.16
Gliwice MSE 0.05 0.03 0.04 0.03 0.06 0.05
R? 0.87 0.90 0.87 0.90 0.85 0.86
MAE 0.14 0.11 0.14 0.12 0.18 0.15
Szczecin MSE 0.04 0.03 0.05 0.03 0.07 0.05
R? 0.87 0.89 0.87 0.90 0.83 0.86

MAE and MSE values are reported on the normalised [0,1] scale. The KAN*, TFT*,
and LSTM* denote the proposed and baseline methods trained, including the
meteorological data, while methods denoted without * were trained using only
historical PM data.

The results confirm the overall advantage of the KAN and TFT architectures over the
baseline LSTM model on all monitoring stations and evaluation metrics. KAN
achieves the lowest error values in most cases (MAE is equal to 0.10-0.12), closely
followed by TFT, while LSTM consistently yields higher prediction errors, reaching
up to 0.19 depending on the station and configuration. A comparison between
models trained on full input data and those trained without meteorological variables
shows reduced forecasting performance when meteorological information is
excluded. Both KAN* and TFT* exhibit higher MAE and MSE values at all locations,
indicating that meteorological factors contribute positively to model accuracy. The
inclusion of meteorological variables also resulted in higher R* values for the
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considered models. This improvement is particularly visible in more heterogeneous
environments such as Zakopane and Gliwice, where weather conditions strongly
influence pollutant dynamics. Regarding MSE, both KAN and TFT achieve stable
and competitive performance, generally outperforming LSTM through all stations.
In several cases, TFT achieves results comparable to KAN, although KAN remains
slightly more consistent, with lower error values. MAE results are visible in Figure 5.
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Figure 5. MAE comparison for PM forecasting for all considered models

Overall, the findings reinforce the claim that utilising meteorological variables
enhances forecasting accuracy and that both KAN and TFT provide more reliable
predictions than LSTM.

The results indicate the high predictive potential of the KAN and TFT architectures.
However, their interpretation should take into account the scope and assumptions
of the conducted analyses. Forecasting performance may be partly related to the
length of the available time series, as longer datasets usually capture long-term
trends, interannual variability, and less frequent episodes of elevated pollutant
concentrations more comprehensively. Seasonal variability in PM, and PM,
concentrations is also important, particularly under Polish conditions, where
heating-related emissions and meteorological conditions play an important role in
shaping particulate matter levels.

The results may also have been influenced by the use of a fixed five-day input
window across all experiments. This approach ensured consistency in comparing
the analysed models. However, future studies should examine whether different
input window lengths affect forecasting accuracy. Differences between monitoring
stations may also be relevant, resulting, among others, from the activity of local
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emission sources, the degree of urbanisation, topographical conditions, and
meteorological conditions. Therefore, despite the promising results obtained for
the analysed locations, their generalisation to other areas should be made with
appropriate caution and supported by further validation using data from additional
monitoring stations.

Conclusion

This study proposed and evaluated two deep learning approaches, KAN and TFT, for
short-term forecasting of PM,  and PM, , concentrations using historical air quality
data, with and without meteorological variables. Experiments conducted at multiple
monitoring stations in Poland showed that both models consistently outperform the
LSTM baseline on the MAE and MSE metrics. The results also confirm that using
meteorological data improves forecasting accuracy for all tested models. Overall,
KAN and TFT demonstrate strong potential for reliable air-quality prediction across
diverse environmental conditions. However, the transferability of these findings
should be further verified using longer time series, alternative input-window lengths,
season-specific analyses, and data from additional monitoring stations.

Future work will focus on extending the proposed KAN and TFT frameworks to
longer forecasting horizons and evaluating their performance under real-time
operational conditions. Further improvements may include utilising additional
environmental and emission-related variables, as well as exploring spatial
dependencies between monitoring stations using spatiotemporal modelling
techniques. Moreover, future studies could investigate the robustness of the models
under missing or noisy data and assess the transferability of the proposed
approaches to other countries and pollution contexts.
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Praca Al — J. Bernacki J., R. Scherer (2025). A Comprehensive Review of Data-
Driven Techniques for Air Pollution Concentration Forecasting. Sensors 25 (19),
6044

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza z podziatem na techniki prognozowania (sieci sensoryczne, uczenie ma-
szynowe/sieci neuronowe, metody statystyczne, hybrydowe oraz pozostate modele)
oraz przygotowanie tekstu manuskryptu wraz z opracowaniem elementéw wspoma-
gajacych (tabele, rysunki)

2. Rafat Scherer:

e Analiza, edycja tekstu oraz krytyczna recenzja manuskryptu.

Praca A2 — J. Bernacki (2025). Forecasting the air pollution concentration with
neural networks. Urban Climate (Elsevier); Vol. 59 102262

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analiza wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).

Praca A3 - J. Bernacki (2025). Forecasting the concentration of the components of
the particulate matter in Poland using neural networks. Environmental Science and
Pollution Research (Springer); Vol. 32, pp 9179-9212

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analizg wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).



Praca A4 — J. Bernacki (2025). A hybrid transformer and symbolic regression model
for weather-dependent particulate matter forecasting in air quality management.
Theoretical and Applied Climatology (Springer); Vol. 156, No. 662

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analizg wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).

Praca A5 — J. Bernacki (2025). Particulate Matter Forecasting Using Hybrid Auto-
encoders: The Role of Meteorological Data. Annales UMCS Sectio B — Geographia,
Geologia, Mineralogia et Petrographia, Vol. 80, pp 265-283

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analizg wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).

Praca A6 — J. Bernacki, |I. Séwka. Forecasting Particulate Matter with Neural Ne-

tworks: Accuracy and Explainability using Meteorological Data. Praca zaakceptowana
na konferencje ICAISC 2026

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analiza wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).



2. lzabela Séwka:

e Udziat w projektowaniu metody prognozowania stezen zanieczyszczeh powietrza,
nadzér naukowy, redakcja tekstu — analiza oraz jego krytyczna recenzja.

Praca A7 — J. Bernacki, |I. Séwka. Forecasting Particulate Matter Concentrations
with Deep Neural Networks Using Meteorological Data. Zeszyty Naukowe SGSP
2026, No. 98(1)

1. Jarostaw Bernacki:

e Analiza stanu Swiatowej literatury na temat prognozowania stezen zanieczyszczen
powietrza, zaprojektowanie i implementacja metod prognozowania zanieczyszczen
za pomoca sieci neuronowych z uwzglednieniem danych meteorologicznych, przepro-
wadzenie eksperymentéw ewaluacyjnych proponowanych metod z analiza wptywu
danych meteorologicznych na jako$¢ prognoz oraz przygotowanie tekstu manuskryp-
tu wraz z opracowaniem elementéw wspomagajacych (tabele, rysunki).

2. lzabela Séwka:

e Udziat w projektowaniu metody prognozowania stezeh zanieczyszczeh powietrza,
nadzér naukowy, redakcja tekstu — analiza oraz jego krytyczna recenzja.



A.11 Oswiadczenie autora — Zatacznik 11
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Oswiadczam, ze niniejsza rozprawa (dyscyplina: inzynieria Srodowiska, gérnictwo i energe-
tyka) prezentuje oryginalne wyniki, ktére nie zostaty przedstawione jako cato$¢ lub cze$é mojej
wczesniejszej rozprawy doktorskiej pt. ,,Algorytmy identyfikacji sensoréw obrazujacych” w dys-
cyplinie informatyka techniczna i telekomunikacja (promotor: prof. dr hab. inz. Rafat Scherer;
obrona pracy w dniu 19.10.2023 r., decyzja Rady Wydziatu Inzynierii Mechanicznej i Infor-
matyki Politechniki Czestochowskiej z dnia 26.10.2023 r. w sprawie nadania stopnia doktora

w dyscyplinie: informatyka techniczna i telekomunikacja).



Dodatek B

Poprzednia praca doktorska

W niniejszym rozdziale przedstawiona i krétko scharakteryzowana zostanie wczesniejsza praca
doktorska autora, pt. ,Algorytmy identyfikacji sensoréw obrazujacych”, obroniona w dyscypli-
nie informatyka techniczna i telekomunikacja (ITiT). Przedstawione zostang gtéwne zatozenia
badawcze poprzedniej pracy, jak réowniez publikacje, ktére powstaty w ramach prowadzonych
badan.

B.1 Kryminalistyka cyfrowa

Kryminalistyka cyfrowa (ang. digital forensics) to dziedzina zajmujaca sie analiza danych po-
chodzacych z urzadzen cyfrowych. Informacje te moga stanowi¢ materiat dowodowy, wyko-
rzystywany miedzy innymi w postepowaniach sadowych. Do urzadzen, z ktérych takie dane
moga moga pochodzi¢, naleza m.in. komputery (w tym serwery), telefony komérkowe oraz
inne urzadzenia mobilne, takie jak smartfony czy tablety, a takze sprzet wyposazony w sensory
obrazujace, np. aparaty cyfrowe, skanery czy drukarki. Sensor obrazujacy jest elementem elek-
tronicznym zawierajacym materiaty Swiattoczute, umozliwiajace rejestrowanie obrazu oraz jego
zapis w postaci cyfrowej. Tego typu sensory stosowane s3 m.in. w aparatach cyfrowych, skane-
rach ptaskich oraz w urzadzeniach mobilnych posiadajacych wbudowane aparaty fotograficzne,
takich jak smartfony i tablety.

|dentyfikacja aparatéw cyfrowych na podstawie zdje¢ (ang. digital camera identification) od
wielu lat stanowi istotny kierunek badan. Problem ten rozpatrywany jest w dwéch gtéwnych
ujeciach: identyfikacji indywidualnego zrédta (ang. individual source camera identification —
ISCI) oraz identyfikacji modelu aparatu (ang. source camera model identification — SCMI).
W podejsciu ISCI rozréznia sie poszczegdlne egzemplarze urzadzen, traktujac kazdy aparat jako
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odrebne zrédto obrazu. Przyktadowo, posiadajac kilka egzemplarzy modeli aparatéw cyfrowych
Nikon D810 i Sony A7S, kazdy aparat jest identyfikowany indywidualnie, np. Nikon D810 (1),
Nikon D810 (2), ... Sony A7S (1), Sony A7S (2), Sony A7S (3), ... . Natomiast w metodologii
SCMI celem jest jedynie okreslenie modelu aparatu, z ktérego pochodzi zdjecie, bez rozrézniania
poszczegdlnych egzemplarzy tego samego typu. W literaturze naukowej wieksza uwage poswieca
sie metodom opartym na podejsciu ISCI.

Rozprawa poruszata temat identyfikacji sensoréw obrazujacych w oparciu o analize mate-
riatéw, ktére z nich pochodza. Rozpatrywanymi urzadzeniami byty aparaty cyfrowe (lustrzanki,
bezlusterkowce, aparaty kompaktowe, a takze urzadzenia mobilne, takie jak smartfony lub ta-
blety) oraz skanery ptaskie. Analiza dotyczyta przede wszystkim identyfikacji w aspekcie ISCl na
podstawie naturalnych zdjeé, przedstawiajacych rzeczywiste sceny (tj. pochodzacych ,wprost”
z aparatu cyfrowego, a wiec niepoddawanych zewnetrznym modyfikacjom w oprogramowaniu
stuzacym do obrébki zdje¢, typu Adobe Lightroom /Photoshop itd.).

Analiza literatury wskazata, ze gtéwny nacisk w badaniach ktadziony jest na uzyskanie jak
najwyzszej skuteczno$ci identyfikacji sensoréw obrazujacych. Stosunkowo niewiele prac poswie-
ca jednak uwage szybkosci dziatania proponowanych algorytméw, koncentrujac sie niemal wy-
tacznie na doktadnosci klasyfikacji. Stanowito to motywacje do podjecia badan w tym kierunku.
Teze pracy sformutowano nastepujaco:

Istnieja algorytmy identyfikacji sensoréw obrazujacych w aspekcie ISCI, ktére dziataja szybciej
niz algorytmy istniejace w literaturze przy jednoczesnym zachowaniu poréwnywalnej skutecz-
nosci klasyfikacji.

W zwigzku z tym, celem rozprawy byto opracowanie algorytméw identyfikacji sensoréw
obrazujacych w ujeciu ISCI, ktére beda dziataty szybciej niz rozwigzania opisane w literaturze,
przy jednoczesnym zachowaniu poréwnywalnej skutecznosci identyfikacji.

B.2 Publikacje

Rozprawa byta oparta na wynikach badan opublikowanych w dziewieciu publikacjach] o zasiegu
miedzynarodowym, indeksowanych w bazie Web of Science, ktérych dane bibliograficzne zostaty
przedstawione w Tab. [B.1]

INa podstawie art. 267 ust. 3 ustawy z dnia 20 lipca 2018 r. — Prawo o szkolnictwie wyzszym i nauce (Dz.
U. Z 2020 r. poz. 85, 374, 695, 875 i 1086 oraz z 2021 r. poz. 159)
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Tabela B.1. Publikacje wchodzace w zakres rozprawy z ITiT. W tabeli podano punktacje wg

bwezesnej listy MEIN; warto$¢ wskaznika Impact Factor (IF) okreslonych czasopism z roku

publikacji oraz liczbe cytowan (stan na dzien 1.07.2026 r. wg Google Scholar)

L.p. Petfny opis bibliograficzny

Pkt.

IF

Cyt.

Al

J. Bernacki (2020): A survey on digital camera identification methods;
Forensic Science International: Digital Investigation (Elsevier). 34: 300983

208 2.2

50

Bl

J. Bernacki, R. Scherer (2023): IMAGINE Dataset: Digital Camera Identi-
fication Image Benchmarking Dataset. Proceedings of International Con-
ference on Security and Cryptography (Springer, SciTePress). 799-804

70

10

C1

J. Bernacki, R. Scherer (2021): Fast Imaging Sensor ldentification; Pro-
ceedings of International Conference on Computational Collective Intelli-
gence (Springer, Lecture Notes in Computer Science). 572-584

70

C2

J. Bernacki, R. Scherer (2022): Digital forensics: a fast algorithm for a
digital sensor identification; Journal of Information and Telecommunica-
tion (Taylor & Francis). 6(4): 399-419

20

2,7

3

J. Bernacki (2022): Digital camera identification by fingerprint's compact
representation; Multimedia Tools and Applications (Springer). 81(15):
21641-21674

70

3,6

15

C4

J. Bernacki (2020): Digital camera identification based on analysis of
optical defects; Multimedia Tools and Applications (Springer). 79(3-4):
2945-2963

70

2,8

C5

J. Bernacki, K. Costa, R. Scherer (2022): Individual Source Camera |den-
tification with Convolutional Neural Networks; Proceedings of Asian Con-
ference on Intelligent Information and Database Systems (Springer, Com-
munications in Computer and Information Science), 45-55

70

D1

J. Bernacki (2021): On robustness of camera identification algorithms;
Multimedia Tools and Applications (Springer). 80(1): 921-942

70

2,6

10

D2

J. Bernacki (2021): Robustness of digital camera identification with co-
nvolutional neural networks; Multimedia Tools and Applications (Sprin-
ger). 80(19): 29657-29673

70

2,6

16

)X

530 16,4 119

W pracy A1l bedacej artykutem przegladowym scharakteryzowano éwczesny stan badan na

temat identyfikacji sensoréw obrazujacych. W pracy B1 zaprezentowano zbiér zdje¢ IMAGI-

2W trakcie recenzji manuskryptu czasopismo doznato zmiany liczby punktéw ze 100 na 20.
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NEP| nadajacy sie do testowania algorytméw identyfikacji zaréwno w aspekcie ISCI, jak i SCMI.
W publikacjach C1-C4 przedstawiono kolejne algorytmy identyfikacji sensoréw obrazujacych,
nazwane MSE-DSI (identyfikacja statystyczna), CompaRe (macierzowe przeksztatcenia cyfro-
wego odcisku palca), Vignetting-CT (identyfikacja na podstawie wady optycznej winietowania
obiektywu) oraz Distortion-CT (identyfikacja na podstawie wady dystorsji obiektywu). Dodat-
kowo, artykuty D1 oraz D2 zawieraty analize odpornosci algorytméw identyfikacji.

Jako wktad rozprawy mozna byto zatem wskazac:

(1) Opracowanie zbioru zdje¢ IMAGINE, zawierajacego reprezentatywnga liczbe zdje¢ pocho-
dzaca z szeregu nowoczesnych urzadzen obrazujacych; zbiér zostat zamieszczony na stro-
nie internetowe] do tatwego pobierania;

(2) Opracowanie algorytméw MSE-DSI, CompaRe, Vignetting-CT oraz Distortion-CT, re-
alizujacych zadanie identyfikacji sensoréw obrazujacych na podstawie zdjeé. Algorytmy
wykazaty sie przede wszystkim duzo krétszym czasem przetwarzania zdjec, w odniesieniu
do algorytméw z literatury;

(3) Zbadanie odpornosci algorytméw oraz konwolucyjnych sieci neuronowych w ramach iden-
tyfikacji na podstawie zdje¢ poddanych réznorodnym operacjom zaszumiania;

(4) Opracowanie metody przeciwdziatania identyfikacji w rozumieniu algorytmu Lukas [132],
wykorzystujacej probkowanie Lanczosa.

Podsumowujac, rozlegta weryfikacja eksperymentalna pozwolita dowie$¢ zatozonej tezy pra-
cy, a cel rozprawy zostat zrealizowany.

B.3 Dodatkowe informacje

Rozprawa zostata przygotowana w ramach ksztatcenia w Szkole Doktorskiej Politechniki Cze-
stochowskiej, ktére trwato od 1 pazdziernika 2019 roku do 23 marca 2023 roku (ztozenie
rozprawy) pod kierunkiem prof. dra hab. inz. Rafata Scherereﬂ Obrona pracy miata miejsce
19 pazdziernika 2023 roku na Wydziale Inzynierii Mechanicznej i Informatyki, natomiast decyzja
Rady Wydziatu o nadaniu stopnia doktora w dyscyplinie informatyka techniczna i telekomuni-
kacja oraz wyrdznieniu rozprawy zostata podjeta 26 pazdziernika 2023 roku.

3Strona zbioru dostepna jest pod adresem: https://ksi.pcz.pl/imagine/
*https://ludzie.nauka.gov.pl/In/profiles /rafa%C5%82.scherer.SI2Ep9DhG22
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Ponadto, autor zgtosit rozprawe do ogdlnopolskiego konkursu na najlepsze prace inzy-
nierskie, magisterskie oraz doktorskie organizowanego przez firme TRUMPF Huettinger (przy
wspotpracy z Politechnika Warszawska). Praca zostata nagrodzona trzecim miejscem sposréd
kilkudziesieciu prac doktorskich zgtoszonych z uczelni z catej Polski. Uroczysta gala, na kté-
rej ogtoszono wyniki (i wreczono nagrody) odbyta sie w Matej Auli Politechniki Warszawskie;
13 czerwca 2024 roku?l

Po obronie, autor przez dwa lata podejmowat zatrudnienie na stanowisku adiunkta badawczo-
dydaktycznego na Wydziale Inzynierii Mechanicznej i Informatyki (p6zniej, Wydziale Informa-
tyki i Sztucznej Inteligencji) Politechniki Czestochowskiej; aktualnie autor zatrudniony jest na
stanowisku adiunkta badawczo-dydaktycznego na Wydziale Informatyki i Telekomunikacji Poli-
techniki Wroctawskiej (i nadal aktywnie wspdtpracuje z zespotem badawczym z Czestochowy).

®https://www.trumpf.com /filestorage/ TRUMPF _PL/Konkurs_2026 /LAUREACI_|_FINALISCI_KONKUR-
SU_ZA_ROK_2023.pdf

279



Spis rysunkéw

[.1 Gtéwne zanieczyszczenia powietrza wraz z krétka charakterystyka [188]]. . . . 14

[1.2 Kategoryzacja metod prognozowania z wykorzystaniem wybranych metod [188]] 17

280



Spis tabel

T1
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13

12
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