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ABSTRACT

The study aimed to develop Machine Learning Models for fine particulate matter (PM 2.5)
prediction. Six different machine learning models which included Decision Tree Model, Gradient
Boosting Model, K-neigshbors Model, MLP Model, Random Forest Model, and Ridge Model have
been used in this study, based on 2.3 million data sets of PM 2.5 that were collected from January
2015 to December 2021, from 63 measuring stations in Bangkok, Thailand. The development of
the Machine Learning Models started from checking the data accuracy and doing the data
screening. Then the screened data were classified into two groups: the data before the COVID-19
pandemic and that after the COVID-19 pandemic. The obtained data were used to develop
Machine Learning Models and to test their efficiency in both situations: in the normal situation and
during the COVID-19 pandemic. In addition, the concerned historic data have been used to develop
the Machine Learning Models in this research study as well. According to the analysis of the
development of Machine Learning Models using the database before the COVID-19 pandemic
together with the data of Lag by Hour, it was found that Gradient Boosting Model found the best
analysis results: R* = 0.9533, RMSE = 4.1344 and MAPE = 17.13%. When testing the efficiency of
the learmning models with the data sets before and during the COVID-19 pandemic, Gradient
Boosting Model showed the best test results: R? = 0.8790, RMSE = 6.1375, MAPE = 20.68% and R
= 0.8720, RMSE = 5.1344, MAPE = 27.18% respectively. According to this research, it can be
concluded that Gradient Boosting Model was appropriate for predicting PM 2.5 both in the normal
situation and during the COVID-19 pandemic. However, the prediction efficiency using the database
during the COVID-19 pandemic would slightly decrease the efficiency of the machine learning
models. The less efficient models were Random Forest Model, MLP Model, Decision Tree Model,

K-neighbors Model, and Ridge Model, respectively.

Keywords : PM 2.5, COVID-19, Models, Al, Machine Learning
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MAPE=30.87%

HANTSWIBUgUTaYaans PM 2.5 AUNANTIATIERLUUTIADS
Ridge Regression nsel Traning Set : R?=0.7375, RMSE=8.9346,
MAPE=39.69%

HANTSWIBULgUTaYaans PM 2.5 AUNANTIATIERRUUTIADY
Ridge Regression nsel Test Set : R?=0.7391, RMSE=8.8637,
MAPE=40.06%

HANTSWIBULgUTaYaaDs PM 2.5 AUNANTIATIERRUUTIADY
Ridge Regression nsel Testout Set : R2=O.7654, RMSE=8.9346,
MAPE=37.87%

WU uANUdudues PM 2.5 5181i0U SenInanaulasnas
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UNu

1.1 anulunuazanuaidguasdeynn

Yagiulgmuafivmeanialasianiz PM 2.5 duindulywmdnvadlan laenanlai
Lififlndlulanuasadain PM 2.5 aanadidadeya PM 2.5 Tula.a. 2000 - 2019 A3iAse
Te Yu et al. (2023) wuin fudialanninfosay 99 3 PM 2.5 1nnnan 15 pg/m’ Immwm
Jogay 0.01 ﬁuaqwumiammuu fiuszrnsannsnganueIn1AiiuTans uagazein daua
MsAnWSamUT1 Aadeves PM 2.5 ‘miaﬂagjw 32.8 pg/m’ Imawuwm’laﬂmmmm%mﬂu PM
2.5 gefianlulan fo giiniaeiBngiusen Feildn PM 2.5 wAsnaeaiiediviidy 50 pg/m®
pumeladglaviniu 37 yg/m® waguensnumidowindu 30 pg/m?

wisaudesiudwinden Uszimaanszewsng US. EPA (EPA, 2016) Ldmmunan
WINIFIUTOIR uazoasruaLan tagldan PM wiagauiain Particulate Matter LI udn
ALAMYDIDINTA el PM2.5 wiofi3endn “duaziden” (Fine Particles) Ao ayn1ATWIA
Enluormafiduunndusingudnatseg 2.5 luaseu defiarusunsoreguainuywd
\eannamsaidng szuumaiumelaldegneing uaziiuanvnuesdymavan iy
Tsamadumela Tseiala wagdamnavaindue Fluusznelnedaus wa. 2554-2561 fien
du PM 2.5 1adesnelegil 24 ug/m® Tnemuin YadendniidsnalsiAndy PM 2.5 Tuussine
vy Ao Msmuunauvuds WwAsafuglinnadug veslan Fsanndngrunisfnuiuazise
NUIN m'ﬁﬂmmﬂmua'aLﬂuﬁamiﬁ’wﬁ’ﬁyﬁdmaWLﬁm PM 2.5 unlngnasn (Heydari et al,,
2020; Hodan and Barnard, 2004; Li and Managi, 2021; Li et al,, 2019; Sun et al., 2019)
LAYTBIAIN AD MTWIANAIANTNYATTLTUTNe Juazessinliuaznisioatie uas
2RAMNITULTNIU IIUFIFU

ynfuiitymvmenaiusuietumnidu PM 2.5 nareidutiymazduni vesuszamalng
Tnetanzag1ets TuiiufinganmumuasuasUiumma suvsiuiinsaamilonaredoninues
Uszindalnesulaun Weese Wesluad d1une 1Wudy (Greenpeace, 2016) walsemalnedad
Jyvnsasasindaeglususiulan Taslamzedrads ngammumunasiasusiuiiosiisadn
ﬁ?jﬂﬁlﬂaﬂ‘l/gﬂ"ﬂ (Pishue and Trepanier, 2021; Tomtom Traffic Index, 2021)

N3 fud 2020 Afinnsszuinveslsa Covid-19 luvinlan daaliguuuunissidy
Finvesgiruiavuntasluiinsiuszegiansdsey Tneflunnsnsiiionin Lockdown Tau
ogiuthu TiiinsiSounagmshauandtn uaziflefanssuidulnivesiaugniidin
dsralinmaidunsantiosadiuagnann dnmsvasusuuvumaiunsesradiulsdalunais
Useine (Dasgupta and Srikanth, 2020; Venter et al., 2020) Tneanzeg1eds ludlosmans
DE1NTUNNAUMILAT H257 Covid-19 zUnegamtin uazdinsdrinianssuvesussvulyi



a1y ylinsiunavuauuanas Inenizn159519suunaniuanatiuisiovay 23
LAZNITLAUNNAIYIZUVIUAIEIS1TzanaslUfsTesas 50 (MsnuditawLisUszimnealng,
2021) Lﬁ@ﬂﬁ]’mﬂ’li@u%’lﬂﬁjmﬂuﬁﬁLﬂﬂﬂﬁﬂ%aﬂﬂﬂiLﬁﬂ PM 2.5 wazUSuaunisifiuniadi
WasuuUasanadluagnannlugieiifinisunsszuinves Covid-19 Mstnsginsivdsundag
anandutuves PM 2.5 lutgeiifinsunsszuinves Covid-19 du azvilimsuiangfinssu
mnudduves PM 2.5 fdsuudadluidleanssusine gnandn agsildanansaiinsgyin
asduiusvesamguazuamslunsuitym PM 2.5 Tfegdduluounan

usnINMIUBangAnssueadudures PM 2.5 fiimaasuuvasiiiilesnnain
wazdadesne udty mnanmnsawensalienanisal PM 2.5 fazintulueuinn vise
annsansuisnnuduiudvedausene Ndswadsernududures PM 2.5 lueunasld ae
vl 7 1A 999 03am150919310 T I3 ouuanslunisdesiunasud dgmldeged
Usgandnn

PMNNSAENTILAENUNILNLITETHLI (MeasBeauandunsned 2.8) wuin msdavi
WuUSaasiien1sAAnsainsin PM 2.5 Sniswaunanaudiu dsdunisainniselluedn
Budaudnismanisalleglduuusiansmudusiudiuy Regression Model wagaanuAnIme
TutagulinsimuiwuuinasdaeUssandly Al fie Machine Learning Techniques wagan
an1sAnE R inuiianuuduglunsaamseifitunnninisnsiaukuusaes
gl Regression Model 9819l5AMY Machine Learning Techniques 1AU%AINAANVDS
wuuaesannsatanldld  annsnunineuddefiinuinnuin wwudiaes Machine
Learning Techniques ﬁﬁaﬂsﬁﬁ’u laun 1) Decision Tree Regressor CART 2) Gradient
Boosting Regression 3) K-neighbor Regressor 4) MLP Regressor 5) Random Forest
Regressor az6) Ridee Model Inglumideildmidunmsimunuusassuazyhnismageu
nAuUUTaeefiinslifiuan  evithuvihnmswisuiisulssansamanuusiug o
azuuudiaes efasaniuuuiiaedaiaumngaunniigalunisinnldaanisal

UsgAninmanuusidivasuuinassaintanisanwitusisdseing wuin mMsvszendld
Machine Learning Techniques flenuuslugnluszduiadsiunn fen R2 fidfian daus 0.89 s
0.95 (Pan, 2018) dwsunisiamuuuiasdulsemelne  9nnsumuRan ANk
Fanunlafinswauinuuitaedlusedu Regression Model lmeld Multivariate Linear
Regression Model Inagianuuiiugn R ﬁaﬁlqwﬁ 0.60 (Amnuaylojaroen, 2022) %Qﬁﬂagﬂu
syiuililgadlodiouiunmsiauuuuiassuessussime Tnglusmafedandunsiaun
wudaeaiiemamsainisin PM 25 andeyaiiinsdisdludszvelve Taens
ﬂﬁz&;ﬂ@ﬂ% Machine Learning Techniques %qmm'jwﬂé’mammLLaJus]’wﬁqq%umﬂmiﬂ’wm
wuuaesluseau Regression Model

nsamnLuudassiionnnisal PM 2.5 Tag Machine Learning Techniques 910013
numuniTefiiuneazdeasandunsed 28muin fuwsiivhunldluniseianisal
PM 2.5 9xUsznousig sumianiiussma ansuafivnisennia deyadugnionine waydun
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Tnedeyamsuafivnsornmaszdfudsililumsitmunuuiasdulsassmideaus 2-9 i
w5 wazdeyaduanienineluurasAfoarlddud 4-5 dauus Sddusmadeilaldmuys
ATUYMILUIANTIRUIINMTNUMIUMSANWTiuIuaz I deyaiinnsdisiall  uazen
NsnUMILKaNIsANtueAndmudndt  Usinaanududuves PM 2.5 danuduiusiu
Pranaluniazieggma  winnranisAnwikusndslifnuddeilideyalusinunldidu
doyalunisaanisal PM 2.5 Fsdiamudululifashliuuudeosfinnuusiudimniy v
Ilunuideiadsihdeyalusinundusudsdmiuaanisal PM 2.5 fe

nMsWRLIRUUSIaesiiornnisal PM 2.5 Tag Machine Learning Techniques A4
soifleswesdeyauazdnuymvesteyafudsddy  avdwasiliuuudaesiiniunindede
1ATU INMITIUTILHAN SR TN mu"ii‘]’a‘ﬁsjmmﬁauimyﬁ’fayjaﬁﬁmiﬁmﬂ%
Tumsiauuuuasseglutnmaoutisdu Ussinautiesninn-2 U dwenaliinsousqumn
genavesanmwIndonluseul videwmmnisalingg Ndwasionnin PM 2.5 Wulurieiiniu
UUNANTUNITEUIAURY  Covid-19 ﬁm%’ﬂumu‘i%’aﬁlﬁﬁ’]miiam’mﬁa%afﬂ’mmmamuﬁ
Aerteslutinafienuunifieedimsdnuluein (SwaziBoauandlumsed 2.8) way
AsUARUIEBTnATIARADUNIAINTUNTSEUIATEY COVID-19 Tnefimaifudeyadkous 1
UNTIAN WA.2558 G 31 Funau 2564 AseumquIzEvial 7 Ukl wazlidnuiugadeya
2,303,892 wadeya  dwUszneusheduiugadeyaiiuInLazATeUANITIZIATIAR
A0TUNNTAINITUNTTEUIATEY COVID-19

dnfuaniunsaififinsundssuinves  COVID-19  Rntululssmalneyszanading,
2563 Tuvauriufiuinsnisieg fintunnue Wesiinianssuanlenafiaglifaumuiae
iy leenizunsnis Lockdown deavilimsidunisanasidegnaunn a1nn1sauuiay
yududuanvndifgguasnisifin PM 2.5 dewavilienanududures PM 2.5 fidnanaseatn
dildde  wagilanudusnueganndledisuiutsaniunisalund - annsunawuided
rnuandalislnuAdelaldlideyalurasaaunsaiifinisunsszuiaves COVID-19 vhnis
v asmsetnmaaeulstavinmuesuuudiass duindeaduideyalutaanan
AanazdImaion1sTL LAz UsE NS nuaaLuuTIaetadials

N13ANYIIATIZANGANTIUNITAN PM 2.5 elurasaniunsalund uaztaeiiinisuns
52U1AY04 Covid-19 Usgnaudumsiauuuuiiasaiiensinsaluaznsisaeuauduius
yasduUsfidmadenisiia PM 2.5 azviliidladengfinssunarUssavsamuesuuuiiaes
#199 fianunsoaviiildannisainmsie PM 2.5 asduadesdefiddglunisiluldluns
Yosiuuazunteym PM 2.5 Tusunansely



1.2 Inguszena

¥

AT AEARTUNTANWILAZNAUILUUINEDINITNYINTAINTAA PM 2.5 Iaelddaya

Y
(%
)=

annuaun190 A Tugied wa. 2558 - 2564 lneilsgasideningUszaaan1sAnw el

121 Anwmginssuuagliaseinnaduduves PM 2.5 fidsuudasluidoiinnns
WNIIEUIAUDY Covid-19

122 faukuudnassadina1ans aien1suseendlyd Machine Leaming techniques
Tuniswennsainisiia PM 2.5

123 ilensaduvuitaemsadamansiangaiiiluldlunisiunean PM 2.5
Tuewian Tnvanunsaldldisluraanaiund uazyrsaniunisalfildunivida
AsEMUREanINLIng oulil NS U BuLUaY WU @0IUNNTAINITUNT SEUIN TS
Covid-19

1.3 YDULIANISANE

nsadunsfnyinagidedull mihdeyn1ugeieninel (Meteorological Dataset) Tu
waRLANFnnNuAs Ilglun1sfinyide Inedvoulwnnuidunadl

Legend
(:rf\7 Bangkok, the capital of Thailand

® Pollution Control Department air quality monitoring statior

@ Environment Bureau Bangkok air quality monitoring statior

A 1.1 VBULIANUNNTANEN



13.1 doyaiilflumsnneinanisfng

yadeyaiiiunldiludoyaatiuniioni (Secondary Data) :1n 2 unasdieya fe Joya
waRwnenstafisdunslnensumunuuaie o 13 99 Qanasdidedlunm 1) uae
Toyauafivnyarmatafisudumslnensanmamues siovun 50 90 Genawdunslunin 1) J9
mmmmmamma:uaamuam1/1snmummwﬂuﬂsumﬂﬂsummmaww (raupuRsamity, filo
ﬂ’]ﬁﬂ’JUmJLLa“Ui”ﬂuﬂmﬂ’]‘W\‘i’M‘Vi@QU{]UG}ﬂ’]i dawnnden) (309 inTesinuarisniaindiade
vosievidorjuazenduussenmelaeily seuuduvieisauiinsumunuuafiviiuvey) veensy
AIUALAN Y uazfaduuuas é’aammqqmﬂﬁyuﬁu 2 15 yodoyagn Toainei la sy
Useneusig PM 2.5 duazoasuuainiifiu 2.5 luaseu (PM 2.5) duvenu (Course Particle) (PM
10) NOy (Nitrogen Oxide) Tulasiaulaanlas (NO,) lus3neenlan (NO) arsusussuanles (CO)
mmﬁaau (WS, Wind Speed) yifinnaas (WD, Wind Direction) 8auail (Temp) A11ARBINA
(BP) mm%uamwma (RH%, Relative Humidity) LLaJ,aI%u (Os) Imamwammmmauwmm 91
ol T30 ldsurndeyaausd 2015 - 2021 avn 1.6 musuaua wazyiN13 cleaning
suayjaaulmsqmayjaqquamwmmmammmwﬂmLﬂﬁﬂmmalﬂ ol gqjmalmmsuaaﬂaw 99™"
percentile vostayadanaaldlumsinuassd eglsiou yedoyagnienine lifivsus
venunasifiavesnsudesuaiuiiiavinasionanmemasiniu wisumgtladevesdeyams
onfeineniilduniy ddmasdafideddasonsdenuwasnmsavauvosmsuafiniivdes
gonan MnuvasuialuasRu 5 A28 (Miao et al., 2019; Wetchayont, 2021)

132 msfnwsuaivnamseiniafiuaeuutas fud wa. 2558 - 2564
1) satfufinwdeuanisifin PM 2.5 Tuthsanumsaiuazafiumnsinefiululy
usiazqgnia Taglddeyanind w.e. 2558 - 2564 Fedeyaithunldluns
AAs1e9t azaseunaudayalutIiinsunssEUIAes Covid-19 wazdisneu
wiidu daldfinsunsszuinves Covid-19
2) AT daziSsudisunisiin PM 2.5 Tutasnaisng o laun nailugneiu
Fuiluthadeu ifeuluusiasy

133 msiaukuusiass Machine Learning #ildlunsaanisaluanisdinw
nsAnwLasisel ﬁ]”ﬁﬂmuaﬂﬁ'amaé"aﬂa‘%ﬂ?fmm Machine Learning 31474
Wamun 6 wuushaes WellSsuliisunaznsvaeumugniosvosuudians loun
1) Decision Tree Regressor CART

2) Gradient Boosting Regression
3) K-neighbor Regressor

4) MLP Regressor

5) Random Forest Regressor

6) Ridge Model



13.4 yadoyaiilddmiumeiauiuuudiass Machine Learning
yatoyadmsulilunsiannuuuiiass wusldidu 2 dundn fe duiithluldly
MsWaLILUUSIa0d FaSenin Training set wazdwfildlunisvaaeunuudians Sonin Test
set
og13l3Ainu Tuduves Test set Ifudstoyaluriafifinnsunsszuinves Covid-
19 ponu1 flenTIampUAIIWILSIvRUUUTIaeslut 1@ unsalliund Tasyadoyail
Foni1 Testout setlnefiasBonnsusyadona il
3) Training set : foyaNaRuN19N150IN1A wardoyadiugniening faud wa.
2558 - 2562 $1uau Fovay 80 vesToyATITLA (TouMITeUINYeseY
Covid-19)
4) Test set: fayauafivnanisenmea uazdeyadugniouiven daus we
(

2558 — 2562 912U Souay 20 T@Q‘Qﬂ%@%ﬁﬁﬂ%ﬂﬂ NBUNITTITUINUBDIVDY

Covid-19)

5) Testout set: Toyauafinmanmsoina uardoyadugniienive Ko e,
2563 - 2564 $1uu Fovay 100 vesyadeyanaun (Hefinsunsszurnues
Covid-19)

1.4 duuRgIY

mMswasunlamslidinvesuszavulungaumwaviuasiianadly (Human Activities)
dwmasaranududures PM 2.5 Tngluisiifinisunsszunn Covid-19 vl PM 2.5 anad
Weegadiduddy ewnannsiumsiianas Tnefiansandredaanuadndnisdnuide
SEFULNUNYIRTINTLN

et deyadusaivinsoinmauazdeyasugnienine1vestisieunisszun Covid-
19 wardailiin Covid-19 Tuvihunedn PM 2.5 Tueuian azduuuiassiindedelitosndy
Yovar 80 lnefiansandnedaanuadninisinuiteseAuumneIAfinILN

1.5 NSDULUIAIIUAR

Tunsinedspa1nududuues PM 2.5 fidsundasiulugaenounasssninainnis
WS 58UIAURY Covid-19 kagNIsHAILIMUUTIaBIAtAAIEnT fden15Useendlyd Machine
Learning Tunmsannisel PM 2.5 fasiintuluewian wudn lusudsediniugn Doreswamy
et al. (2020) Idiaueisnisuasduneui ddnvarlunsAnwinarinszinanisfneld
adoadaiu Tnslunuideiosthnseununanuandinanunimuntuneuliaonnds e
VaMsiae 4 Suneu Usznouludae



1.5.1 ATPUIUNITIUTINLAZANNTBITRLAINUVATBYA
lngunAnuidesueniieninguasuaivnseiniaglddeyanisgilunisinw
Hundn TneusiarUszinmziimbenuinesiniivaindeyasugniosineuazAuaiivma
oInALazamsameunsuigAzilldiioassaulsslovioluld Ins nssusandoya
wazihdoyauldlunisfnuuayided 1#sudeyaadfveansumunuuaiivissUsanalng
(nsuAIUANNATIY, 2564) uay A1UNAuIndeN NLTNLMILAT Tianue 63 dandnsaada
Tusuuuulid Excel itotharltlunsfnwuazidodely

152 n5zUIUANTTATIEYNgAnTIudeyaniuTrezat7uE sunasly (Time
SeriesAnalysis)

MTARTIEoRNIIRa (Time Series Analysis) ilunszuaunslilumsiinse
Toyafildnuaziueynsunan videmsaiunsmiiiensinaeunuiliuvestoya wagldluns
SuunuagneInsoingAinssuvesndeyatiug egrsdnauwnndstu Saimslinneieynsuna
Prelumsineefienaazivasuniadusman Tnsnsdanamginssuuaznsindeulmues
Toyaluadn

meleneilunsdiifgndeyaidusauinn wfeuldlusunsufitudousnngsiu

[
=]

lngnuddeidyadoyanuindaiuyadeya §37834191Usunsu R uaz Python %aglunis

Ly

Anet Vil SepdlgnannisnuvgeueIn1sitasIes Time Series Analysis Tun1533e

1.5.3 nszuiunsdnwsenteyalunsiawisnuuitaedntinmans
lunsdnmssugadayanaunisanyiuuuiness yateyanugnleuingiiay
uafiwmiemaildsusnanmhssnuiifeites azgniludanseaendeyadildanulsilfesn
iy Feyat deyafiiawan WWudu Wethdeyafiauysaiuiaionduuuassiely Tasyn
feyaazrgninanuiseenmuyanisaaeuiinisnlinansiann 1.2 uazuaninszuIunsi
Toyayarng o [WuuTaes daandlumnsng 1.1

Train set 80%
[ain geidun Testset20%  fqqt out set

(gadayariauin Covid-19) = 1 (yndoya vauziin Covid-19)

Hu Model train set Tugatiue

A 1.2 nszuiumaiveyayaiig 9 iWluuinaes



M1514 1.1 yadeyanmuenieuing uaziaien19eINALIINNYANTSAEeY
il | veyndoya Aa5UY

1 | Training set ToyaNaien1aN1591NA uazdoyanuaailuningl Agus w.a.
2558 - 2562 91U Sogaz 80 VeIyAvaLaIINA
(NBUNNT3¥UIAYBIBY Covid-19)

2 | Test set Joyauaiiyn1n1senia Lavteyanuanening aaued w.e.
2558 — 2562 31U Fogay 20 VDIYATOLANINLA
(NoUN155¥ U1 UBBY Covid-19)

3 | Testout set Joyauaiiun1nsenia Lavteyanuanieningl aaue w.e.
2563 - 2564 91U Fouay 100 YBIYAUoyaavILA
(1ladin15uNII8UINVRY Covid-19)

1.5.4 n3zuIun1suseyndlyd Machine Learning Tunisaianisal PM 2.5
nszvaunslduuusiaedlunisaianisal PM 2.5 veseuneidedul fo
nsiseuilaeiitoya (Data) wraeu (Train) lngnishlvireuiiunesaunsamaneuvesdym
Ieshesies ndsanmsiFeudnndeyasedidutiluudszoenis laegidoazyinisain
uuuiaes (Model) flazvilvinonfiunesdintoyagnienine uazuafivnmsenmialuusiasd
1l @adeiinelhiAnuaiivmsennia) Tnsudashifunwinenfinmes (Jusiaw) vied
3unin Features n¥ouvinaaglililusunsy nddo PM 2.5 PM 10 03 1udu (1Jusiav)
Zon labels (Insuvusiasswaseiddeld srauluawizaaududuees PM 2.5 fiAntu
i) Lﬁ@lﬁ%@iﬂaéjﬂﬁu (Input data) u&asafazyinsaeunuusiass (Train Model) il
pouRImeTusNuEzAATLTue PM 2.5 Tlsfntuldnudeya Features Aldudnly

155 nszuIumsveaeuUstavsnimuuudassildlunisaianisal PM 2.5
wuuassasiimiunaiaedeuiniy tnefleugndesosiivuglfazinn
vieviostusgfuAnuamaadeutesnisiiute SaannsonsadounmgndeduazAIl
wiugweansiuneldanmdninasiildnsinasy (Performance Criteria) fio R? RMSE waz
MAPE

1.6 Uszleviifinndnazldsu
1.6.1 ﬁﬂﬁmmﬁqwqaﬂiﬁumﬂﬁmuaﬁwwmmﬁiuﬁuﬁﬂqqmwumum
162 vldnsvdsmsiUasuntasaududuves PM 2.5 Woinn1sunsszuinaes
Covid-19
163  fanufuazdilalunszuiumsiamuuudaesiiiietesiunisiueinig
WUTUVBY PM 2.5
164 @aunsanensalmmnududures PM 2.5 Tdusiuganniu



1.6.5 wan1sAnwlannisaianisal ansatilunununsdnnisauduindes
1.6.6 rglimirgnuiifeitesnniunswilidymdwindeulasgiegndesuas
RETREEH

1.7 Hgrudn
1.7.1  eyneviasseglueinia we Particulate Matter (PM)

oun1av asueglueinia n3e Particulate Matter (PM) A ooy n1ALE N
Usgnausevesudsuazveamaitassegluernmafiismelaiily deiimnuddgluussidu
AMAINDINIARAZAVAINNYBEY LU PM2.5 nueds ayniavuiatdn 2.5 luasau
(micrometers) w39 2.5 &1uwilaliadiuns (micrometers) Faidunilsly classYBIBUNIATUIN
\Bnflonauszavsamiigasoguainvesuyud uag PM 10 manefeduavessvuiaidnnia 10
lumsou Wudu oynia PM a@unsofifuvnaunanmaiewnad wu n1swvgl, 11593133, N3
NAREAAMNTTY, WazAanssuuywddy o synediflvuindnansanssaneeeniueiniauay
dswansynusienun e nALazaunmayueidegnelaily (dilefuRnnslunisdesiu
wazwladymiduazens PM 2.5 seaudandn, 2562)

1.7.2 1sAladn-19 (Covid-19)
#io lsndnregtRlmidiiaannsiadelalalsuaeiusimide SARS-Cov-2
(Severe Acute Respiratory Syndrome-Coronavirus-2) Wu et al. (2020) WUN1SULWS 5L UNA
pdausnlufousunaud 2019 fiflosgdu Usunadu nouflazunsszuialuiialan wavdana
nsznUTIaATYgRaLAsd s Auteieunaudstiagtiy

1.7.3 Al vive Uggyuseivg (Artificial Intelligence: Al)
fio 1399403 (machine) Mflsidunfimuanansalumsvhanadile Bouiosd
ANFA19Y 817U N15TUT Nsleus n1shiwmnane wagn1swAtynisieg 13093 NIAS
mmmmsammﬁﬁﬁad%ﬁuﬂagmmizﬁwﬁ (Stuart and Peter, 2010; Winston, 1992) 39819
nanaldan Al fefudatuieindssdnsdamnuannsofivgidlawaziiousldies Ing Al uts
sonlunaneszAunuANRaIALasAINELNTE Iaear TaUssansaneenislidvana way

VimuARued Al lUSsufisuiuauansawazaNaaInuyed Wuduy

1.7.4  Machine Learning
o = v N P o o & = PN v
Ae n1seuivenniadlengnldnuduluauesves Al nuneianisn Alld
Machine Learning a319A3uaa1n @edulngjagldisonwuudasnlaunannisiseusves
Jyusedng wazlilauiannisdeulusunsulaouysd e aywdindnie ey
Tsunsulyt Al Seuiaindeyawiniu



10

Machine Learning (Biggio and Roli, 2018; Molnar, 2020) L%&Juif%’agamﬂ?ﬁﬁaiq
dlunsedu uazslfludiuvesaues ntudmadnseanundudnay wio code uazdasaly
LARINAYTOLY Al WARIN1IROUALDY Machine Learning asaunsaldeulivaioguuuu ue
Fosendenalniidulusunsu wie Algorithm Aindiaszviteyaiduieenuu Ty Algorithm
ﬁlﬁ%’ummﬁwqq h) Deep Learning (Goodfellow et al., 2016; Zhang et al., 2021) W51
aunsaldaude wazUssgndldlavateanu wu Aunsesaskazauds auaunin iusuy
ﬁy’qﬁIuﬂfﬁﬁmumaaﬁﬂ%mezﬁ%’aga g9A9ABI0DNLUUAILUT (Feature) A4 ¢ 11 Algorithm
duq wnldlunsuszgndld Deep Leaming TngvinisilTeuiiou tilem Algorithm Tunnsld
snilianumnyauiian
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WUIAA NS HAZNITNUNIUITIUNTITH

2.1 @07UNSULAZNANTENUYBY PM 2.5

2.1.1 deyaluieafuluazess

Auszoos el eyniAvasetmalLarvesudsiidesassagluainia dvs
sumArLAEnLazralvg Vanliaansoveaildsniuduazuanduldfenimen §
pumamandarruitudumaasasSoaudfiounaiun Jeilisudtudesesseylutu
ussomald Tagialuduagessazioyniavuialiiiu 100 luaseu aunsaviliiAowa
nIgnuseguAINLareuNiTEveIUTzrITY viieluaiaiTaumuLiuauURT WL §
ﬂuazaaﬁﬁaﬂdnﬁ?u fvaAnT DM LETIINA waztiurluazoasiiAnanianssumieg ves
ayud liaady maunlwdidomdanmsuuds nsgramnssusney nsreasne naenan
naurlufilas Fefanssuman Srudusnsivhlfiae “ormade” Milviduussenimia
Ushe Aty Ae 1wsin iindu Tnslannzeg B el uazeesvunnidniidosassuaznizaieeg
yhlvluema (nsueuematty, 2554) WedwiTingavnelathornmdinluluden duazessd

'
a

wdadlegmeluszuumadumelagiuans duihlfiAndymavaimaunnune wu lsaneu
#n lsavan Isanrnduniele WWusu Tne uazessvuiadn (Chulalongkom University,
2020) videfizdntilude PM Gsgornann Particulate Matters B4lti3onAduazoosuadni
Juduasesieguawewsdy Tussdszmedsladnisivunuinsgiuduazessuindn g
#7897 United State Environmental Protection Agency #3® U.S. EPA YDIANIFOLUTN
lemwuanasgiuvesaduaressuindnuuadu 2 via aruvwinvesu laun 1) duretu
(Course Particle) vioruazoosoymadnvuintiesnin 10 luaseu (PM 10) ueyniadudil
vaduhgudnansegssving 2.5 - 10 luaseu Seuarossuuimdnivarivinsausiudy
Sruaumnnud snannsaueatiuldie Wy duiinzegmuiuriovaldeing uieduanns
noas1e 1usu Junassuiiinginnnsnsasuuaiuuiesnuy aaonauduaINAINTTUAN 9
(EPA, 2016) dswnaidasioguanlaiduiu agslsinny dunerudnozlidwmanseudegunin
undnilefisududuruiaidn (PM 2.5) widu PM 10 Ssannsaiingszuumaiumelauas
Wavauls (nsumunuuadi, 2562) WeldsuluusmnamilsazyiliiAnlsemeuiin (nsueunse
waznsuAIUANlsn, 2558) 2) Huazideun (Fine Particle) M30ruasoaIayunIMAWIAENNTT 2.5
lunseu (PM 2.5) iusyniaduiifidurtgudnatsvuiadnndi 2.5 luaseu wiedvuia
Uszanas 1 Tu 25 druvesduriguinansveswunaduny deuaynliamnsansesls dunds
Futiiinuninunasingg wu efudevessosud waglssnugnaimngsy wenand Aeuns
wiin 1y Aedamesineanlen (SO,) waza1sdunsdssmeadng (VOCs) aunsaviujizendu
1599 Tuenia naneidurdu PM 2.5 1¢3nde (EPA, 2016)
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AN 2.1 UARIYUIAYBIEU PM 2.5
1 : EPA (2016)

A PM 2.5 anansaudingssuumaiumela wazadlufegeanludenls WWuams
ThAslsafAedussuumaiumela Wedudu PM2.5 Wi luluudinasnnuazasamiy
nauulzdssaliUonviaudendszansam Jennisveviin wazvasmausnauld (nsu
muRuaTiy, 2562) Tngrlu PM 2.5 annsadesassuaznszasogluoinaldiunanny 3
vndunaannlueine agvilidiwiesidudin vieadunduvmenaiu Geasuiiulily
Fedlnafiiussnswar USumesasviuIwiy

2.1.2 #u Particulate matter 2.5 (PM 2.5) Tuaine

ogslsfiny duazess (PM) 1udrunandisinetuveseynindsszneudiods
antsn teah Aty wozudfuiveatasnan (Aerosols) A INauviassssnTIR Loy duazons
inasmonlsl fuwssasing q way AunainAanssuvesysd wWu vdesniululsanu inieseud
Alga paenIuN1sHARLITN N13feasne N13em agn1sinens (Rosenlund et al., 2009; Sacks
et al,, 2011; Zhao et al,, 2013) Lﬁaamﬂaummaaﬂu PM flvunatdnauanuisaaiesnldlu
Uanldire Jafiuanundsazanusuusivasnaiielsaneviiald saulufsanunsovinliiie
Tsavaenausniaunazlsnay 9 Mieatulen teddudluanmuaiunsavessrsniglunis
ﬁaﬁﬁm%aiwm%amsﬁm%alé’ (Trasande and Thurston, 2005) lnganusaasunanssnuau
aunmannslEEu PM Tumsns 2.1 viedl euAdeluusemansit Tecer et al. (2008) uandls
i Tugananiid PM g3 40N 9 ﬁmwmﬁmqﬂﬁ%LﬂuiiﬂQﬁLLﬁ LATVaeRANSIEY Tigd
MsAnwfinudn PM ansnsageduansnenfiuiudesoonunainazoousyuery waziiels
Jeannsadnifiuansnegiuiliidunauuazdsmarenuiigneyniafinaidilulusiane
lelaense (Zhou et al, 2019) Huazassvuiadn (PM 2.5) luusseiniaiinainnisaes
DUNIALAFIULANI LA BULUAIUDIAN AU Y LYU SO, NO,, VOC, uag NHs Tunns
Jaeoyuuuugunll (Delfino et al,, 2008; Grundstrém et al., 2015; Kanakidou et al., 2005;
Liu et al., 2015) 19l PM 2.5 lslifisausifaludrsansfivuazarsdunsesiuiuun uid
annsoogluussenidlfidunaun Bsluniidu P 2.5 aunsaedeudeldluszssmnalna
iunislvaisuvesusseinedadusunsiesoguaimesiaun (Harrison and Yin, 2000;
Poschl, 2005)
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M1914 2.1 NANTENUABFUNINAINNITEURE Particulate matter (PM) Tuanie
AMULTNdY

(ug/m?)

NANSENUADE VNN

Fn1snssudnlseanenuiassuumaiunglakasi iy
1.9% wag 3.3% Aua1eu (Delfino et al., 2008)
Tsanapumgladiuansludniiuau 8% (Delfino et al.,

10 pg/m? in same day

20 pg/m?’ in same day

2008)
A o 2 A& a v ~ X
120 ue/rr? Auuanidulsananunglanlsaneiuiaiiud (Tecer
pe/m
s et al,, 2008)
150 Lo/ pulananainislsalantazlsaniadunielaagnsuiiuunn
pg/m 0
: 29U (Rosenlund et al., 2009)
200 L/ Isaiennuszuumsiumglaiudy wu lsavanuiy lsauan
pg/m

9ANUITa3TI (COPD) wazlsmvau#in (Sacks et al., 2011)

WU Alveolar macrophages, neutrophils, and T-
400 - 600 pg/m?’ lymphocytes Iu Broncho alveolar lavage fluid (Maciejczyk
et al., 2010)

2.1.3 @aunisalu PM 2.5 Tuuszmalne
Hoymilngivimelutiagtu fe Jgwiduruiadnia wie PM 2.5 fvilkiAadiay
Favlaiflunisueadiu Inslamzeesdsluiufiomdos Wy nyummumuns sauludsluien
USunma Tudsiuiidnvaedoin WWud Weeme @edml dwne s
nsuAIUANNanY liuszu1anisin aulngeiadendsdIsnsizeu PM 2.5 Tu
9INFgada 22,000 AL (NSuAIUANNATY, 2564) uaziilagan AQl vesUszalnelutieiuTd
TngaungivilmAndu PM 2.5 daulugunainianssusngg vesiyud Téun
1) U/ T Aed weseusssumfnazaniieuyud TasSesay 90
vaslitluvsamalneinanmsenlaouysd Jasuiienvesi uagiiteyh
NSNYAT
2) msneatns : duiliinannisneains dududuiiduuaiususudiug ves
ussene lnsanizegeddudiodlng wu nsasasalud wasiiinende
3) n1sanliLazn15IgRaInnTsy : TANRAAIMNTINAINY KAENITNIEY
fuilodudomdmesmsndansaualiin ildiAneTunazveadoninnis
wnlndivazUdesuarivesnunlul3uamnn wu Meglulasiaueanlad (NOy)
fedaosineanlen (SO, inwsusuuauanlyd (CO) sauludnuiiAy
LAZHUAN
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9 msanuiny : ATuannisn v liauysalveand essasud Aidudn
wasndalvgves PM 2.5 luwsidios wu nganns Weaslud Wudu sz
fimsfunieas sofnntn Jeneliianisazauvedu PM 2.5 Wudiuiuun

5) Aanssuduq MduaummviliiAaduazesdlueinia 1wy nmsgaguiiou ns
GUUIE MIWINTEAY M3gamg wazn1sUszneuems [Wusu

uenanfiusemelvedsfindudu 5 lussmAondouiiian PM 2.5 mnilgn ses

ndulaiids (Sudu 1) i Gudu 2) Beauiu Gudu 3) waran Gudu 4) Flulnedy
wu71 drurandudloadid PV 2.5 gafiaalud 2021 Aidiuun egrslsfinu dadlodlnnjogis
ngane uazidedln Aetlamn PM 2.5 wifnannaaeslutieszozianiiiiua anvandne
Aeafudiunm PM 2.5 Tudsemedlne azsnainuanizuaguniufiguusmiuanineina
Tnewamizesnads TuduinFedmifduundsnsavanvosuazens anmswnededn wilh
LN AEY ) Lﬁam?am%’uﬂuuazmiﬂqﬂsﬁn e uiimanann dunuiuay 9 viliiAaws e
WLNZANF1UTULaNYN1991n1# (Amnuaylojaroen, 2022) mﬂmnﬂﬁauuﬂmamwgﬁa’m’m
s iuandsundu suluinungilaniigeduegienaia dwaldiufivuunmis
mamilovesssmAlyedauiuazanuguussvesuazeasuunaidn (PM 2.5) dfiusniuyn
9 I@EJLQW’]“E)EJINQIQIWU"NZ]G]LLﬁQ (Amnuaylojaroen, 2022; Chirasophon and Pochanart,
2020) &@uaug PM 2.5 hmaﬂ‘wm (Community Area) asmﬂiqmwumumuu WUITUL9
qanum dvafimdrduginiingdu mnnsfnuidereuntil nudn fanvesnsddes PM
2.5 inusnniigalungammanain Mmawlnsfdnna 11595193 uazgmavnIsy AanTsueng
ﬁﬁmmsﬁm%’umaﬁ’ulﬂmmﬁa%’maut&iasq@jma (Uttamang et al., 2018; Chirasophon and
Pochanart, 2020; Narita et al.,2019) uanainil SsdimsAnwuAesafueududuvosansie
uafiwdm3u O, NO,, CO uaz SO, 910U 1996 A4¥) 2552 Tungammaniuas szuinaundied
p1fBuarIauL WUl Amnudadurestafivnnserniaty azanasdoudifounnauds
Awney uazazfiutuaniteutueeuisuna Tnsarududuresansnouaivluennied
Bufauandiifuegsdaaudi danududugdussduiuiisuouunnnitenieg ende
(Uttamang et al., 2018) sﬁaaﬂamﬂ Greenpace Uszinelng (Greenpeace, 2016) Wuan Tud
w.el. 2562 ngammaviuasduliesiidaedes PM 2.5 Medgudusudu 4 vesUszina uay
nsaymumuasdaiiomalsifianimnisasesiugiigalulanlusudui 10 veslan fuuans
F18N15hUNIN 2.2 - 2.3



A 2.2 njavmavnuasiludlesiiidiade PM 2.5 78T
< [
guduounu 4 voslssina
1311 Greenpeace (2016)

A 2.3 lesifisadmnndigalulan U n.a. 2562
lngnsunnuuAsagdusun 10
1n: Statista (2021)

15
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2.1.4 m3vsesuafiwiiieadestunianisaudsdulsamalng

Tnensvudamsauuduiiunvesaiunisonne noliiin Toleu CO, NOy uay
NMVOCs fei3eunszan CO,, CHa Waw NyO a@1sfiiunsa NH; uaz SO, AUNIAATAOUZISY
1 PAHs waz POPs salufiananlanzmiindidufivdnsae aingilonisudesuaiuvues
European Monitoring and Evaluation Program (EMEP)/ (EEA) EPA. (2013) R u@;ﬁa‘md
wadalumsiausensnisUaesieideunszan 9nnsvudmisauuivaesesnuiain 4
wias ldun nsvaeslodefiinannssuiuniswilniidomaduniosousuossoous n1s
Uaegleszmeinainnissemevesisiuidemasudnitudomas nsudesuafivaingis
LAENNSANUIEVRAUIATILANIINNSEUIUMSANNTOU LaznsUdesuafivanfiuRanuudiLAn
Mnnsidendsendnsensiuiivauy wavdmiu msddesuaiiwainvielewde (Exhaust) tu
Usznauludae 2 Uszian fe n1suaosninudoud Uaaseanu1aing1umivugngsani
Lﬂ'%"awuﬁa;um%"aaLLasIu%gumauﬂWiSﬂ"U% waznsUassanuduiivaegoenunaine uninug
wmw%umaumséjum‘%'aa Hudy

pRERsEEEATH N Maudsesiumainasduawgvdninelida PM 25 Tu
Auindies Tnsamzed1ad s Tudlomarweding (Chirasophon and Pochanart, 2020) a1l
Usinaesasgegeindusulaninpaensreznamansd wudstutumeiiuiivilan fouided
WUIINIANISIUE s manan1siAa PM 2.5 Tulseimalu nanisuudsdl unuindfgmenisiie
Uafienserna Jeldnvazienizanuasslnuafiefivanraiguasnsnszaefiuanaeiy
lngmudn AaNssuNsvudIduAseninaniiniafig 9 the North China Plain (NCP), Yangtze River
Delta (YRD), Pearl River Delta (PRD) LL@%‘ﬁUﬁU% 138 Chengyu fuﬁmmmﬂﬁhqﬁ’uﬁuamaﬁ wﬁ
Antu Tnewuin Tu ONP axdianudaduresafiwdiaunes PM 2.5 gandgfinedu uhHifanss
NSV IH9) QBL‘f]uﬁﬁ]ﬂiiiJﬁLﬁ@?TUﬂﬂﬂlugﬁﬂﬁﬂL@ﬂﬁmu Fadealvifaninide aedesfnuise
Waduseluin meansvudediiaguly ONP fladuuazanvnvaanisiia PM 2.5 11910015
U939 Waali (Li et al, 2019) é’ﬂﬁﬂﬁiﬁﬂwﬁamﬁmﬁsml,mJaagULmeimudqﬁué’ﬂuUssz
U lngaInNNISANYIRINETI WUIN miL‘U?{wgﬂmumawﬁﬁuﬁﬂﬁLU?{augULmeﬂmiwdﬂ
Audvnenuligssuuans Peasamudady PV 2.5 fidetulunimensunansuagae Suanves
UsetneAdnaie (Wang and Yang, 2018) LsduLaEJ’JﬁuﬁUﬂﬁﬁﬂwﬁﬁmgE’Nﬂ’ﬁLU’gEJUE‘ULL‘U‘UM?
Wwunlaglduuudnandlu Wes Adelaide mamauldvssuseivAenaasias wuil minlusuian
(2030) dAn15USvansEaznISA NG (vehicle kilometers travelled, VKT) Aag50a9 40% gn1s

AUIAIEFULUIUNMTAUN10U Us1nginan PM 2.5 Tuadleaads azanadlulafis 0.4 pg/m’

(Xia et al, 2015) pg3lsfiny fn15n1s@nunTsesdusznauvesuadin (trace elements) #inee 7
And uludaluagesau (Rush houn) Wisuisufudaeg1sluTuvineu (workweek) luidfos
Pittsburgh wesUszmaavigenin wuin Tudluasshuaziammudidiuganinluracund wu
As, Se gy siaTurhauuas Tungn (Tunno et al,, 2018) namiAdednadu adiuin msvuds

TPglaMIEN UL NEEANuLLWINNWn g Avsedamasonisiia PM 2.5 wnnvinty
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2.1.5 msunsszurnvaslsa Covid-19 Tuuszmelne

dielautusnd e nsalludnume Black Swan 4 dlufilasandnuineu
Feanmunisainisseuiavedisn Covid-19 FevinlvRansaueng 4 vulanlufunuasngamedn
Taglomzagneds maiumssenineidu seminagiinig sevinaUssna vieuiusszminadles
dengadansszuinvadlsad

Tudousunan 2019 Tuilesgdu, Uszimadu nungugtieifienisenuislag
151U 11 “pneumonia of unknown origin” Qﬂiﬁﬁﬂ’]iﬁﬂiﬁ%’ﬂﬂﬁ%é’ﬂ%wmé’a
(Varrassi et al., 2019) LaLHsT917 coronavirus disease 2019 (Covid-19) lagasdnisaunsie
lan (Varrassi et al., 2019) miszmﬂlwzgﬁﬁwlﬂéuﬂmsmiﬁmmmimqmﬂ"'ﬂaﬂ Wioannis
WN3N5EA8 Tura1eUsema 11MINISAINEIITINAIINTNITIUTZELINNNIEAIN LU 11T
"donannd" andunis@nen $1uemns v Sudvdnuazgsiailidududug msviu
AINTTUAITITUE LU NITUYITUART ABLETA N1TUARIAEAT Lagn1sduaSurIon muUall
nunalng nthuwagegdnu (Vos, 2020)

dmsuludsemalng Inshseduasfnnuaniunisainisunsssuinvadlsa
Covid-19 ashﬂné’%mmnnmmdauﬁLﬁaa%’aa INTIWNUVDY Global Health Security Index,
2019 (GHS index, 2019) 531 Uszmalnefoindundsly 10 Suduusnvesseinadiinig
wisuwdenanniigauazeglusudiusi q vessmaniiineliumnasseiugdasfionsanain
daflanutunsiuguaimland 2019 lasusumalnesonuiiavdihefndeneusnilotui
12 4N31AY 2563 UAENAIINNITUNITEUINEIEALUTIRFoUNNTIAY (188 S18saiu) Covid-
19 gneupulaniendanniinisfianuuazindiludirtegiuduan

Uszinelnglfusznmannzanidudeiuil 26 fluaw 2563 uagFuiinisdonany
vnduidlusazuonnsanme ogslsfiniy dnenudiisuonwangamme Mudu ndnd
wsauIIIInene Nl awia uidugUisdudulidiaeiiu 200 s1edaty Wi
anunsainsunsszunguidiouazaualddeudiluisnaty wifdderalduiuon
oefunuariimudssiiasinnsszuimnniulusuien dehlidesdinsdsenimmasnsly
nssansudlaymediddndde siedl naenszeznaiduiinisszuislulve @asey 2562)
quialaguu Fameau 2565) Usenalnaduuinianistasdiuuazun lvaniunisain1suns
szUnAad Covid-19 adagnuasiday auannsndausamaliinnfumediunsuuauld
og1aa3 noutsusznialsl Covid-19 Wulsausediu Medlanmasniseng 4 99nmenieds
(ﬁgﬂLLG]'L%NWU%IT@WL%VEJSWEJLL%H quiiaiaanandud wa 2564 @arunisaliSurounans)
151698.98ARIN1519 2.2
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A1519 2.2 1IRSASLUNNTIANITASUNTSEUIRYeY Covid-19 vasusuindlne

HANTENUANMST | SIUIULRA
UNSTZUINYDY alwai UINTING
Covid-19 (Case/9u)
se50n71 1 o mshudhiuEss Teua nv.
(March 2020 - ® \Work from Home
May 2020) R .

26 AuAY 63 -

Uarieassnduly (Uaanegguddmiieamsngendu
Uruwiniiv)

PA1A/AA1ANA LUALAIINLNEBINSTRNAUTY

EEY 63 o X e C o 4
o Uaiuil NIAUNANWEIU WU @0 TUNLAAIUVTAN an Uil
NsALLEUANS S A0URTaEee S Wudy
o Ynumanendvluiiuit nny. WhSeusevlay
o Uproaud1-00n S1L1UIINT
3¥30Nn7 2 nsvadiuiies IWun nnudiRauadmiaagmsanas

(December 2020 -
February 2021)

25 §U21AY 63-

Work from Home
NAIANTYA-UATN9@IINEUA(11.00-21.00 U.)
AA19/Aa1ANA L UALATINLIEDIMNSTINSUUIUTES 21.00 U.

Uniui AUAUNGANAIY 19U ADUNRAASNNTAN AU

UNIIAN 64 . do X o a4 v
ANTALEUAITITE FNUNTAEEY Inauuse LUy

o UnuwinendouaslsaSevluiud avy. ISouseulal
® AuNaT1-88n S1TOIUIANTIA WANNGD 14 Tu
o UszruiluisulESuTRTu wauneu 2564

sz50N71 3 o msvhuhiuiEes 1dun v,

(April 2021 - Work from Home

May 2021) FianaUn-Unvineassndudn(11.00-21.00 1.)

AAN9/AA1ANA LUALAIINUIEDIMNSTINFUUIUTES 21.00 U.

Uailun NHAUNGANEIY 19U @0 UNLARIIVTAN Ui
AMALLAUAISITAE ADTUNTALEET TRauLea LU

YaumInendewazlsaseulunui nny. Tissusaulal
WAUNIDN-98N 51981UNINT LA WANNER 14 Ju

Uservuneeslasuindu 1y 2




1574 2.2 (9D)
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NaNSENUIINNIG
LNITSUINVDA
1a3n 19

UGN
X o
Ly lud

(Case/M)

4INIINT

ixiamﬁ' q
(June 2021 -
December 2021)

v fiuides Tau nv.

MUAUNI LIS TR

WuNUBNAREnIa 1381 21.00 — 04.00 .

Work from Home
iananla-Unieassnauni(11.00-20.00 u.)
nane/manniln [WanAS g sTenduTunds 20.00 1.

Uailun NHlauNgANEIY 19U @0 UNLARIIVTAN aa Ui
NNALLAUAITITAE ADTUNTAEET TRauLea LA

YaumInenaewazlsaseulunui nny. mssusaulayl
WAUNIDN-880 51981UNINT LA WANNER 14 Ju

Uszywuveeslasuindu unseeu

s¥50n7 5
(January 2022 -
May 2022)

Buvnadh-een wuit nny. 16
%ﬂamml,aﬂﬁuuﬁuwaawmaﬂ Work from Home
Wa-Uavsassnauaaiuni
paw/nanun LUaUns
Dniud ﬁﬁﬂquﬂwém W A0 UTiLERUTAN daudifil
MsasiauaNsIsuY AnuTisaEss T Wudy
WasvinerdouaslsaSouluiud vy,

WAUNIADN-980 51981040905k Lidpaindmnanindu
ASUOU tazdl vacine passport

Ussywuneeslasuindu 1unsedu

u1: TUTlagIdY

AW 2.4 TuA9NLNITIZUIN 2 D9SN U3 UTBINVBINTITTEUIAUU WU

TunugRndereiuldain ieawinUszyguiaaindiegdiu (New Normal) lasenluld
Fpmuund sz Covid-19 Saderdulsmatilvi wazdalifiiadulosiu uiidloUszeivung
lsuindu Alundvunlddiaund wazduduiunisunsszuinves Covid-19 Usznaufiu

nagnausouInsnN1sdesiu Fuilvinisseuinvesisaluseasny 3 uagsvaeni 4 LSudl
Usgvuiinienefugaiulugisssesnanfiduas Tuvaueiidudelida Covid-19 AMTmwinis
Aediiaunsounsnszaadelaliiuazsunsaungd sy Jwibinisunsszuinvesldaly

dl 3 a o a &J dl ! o = v ! o
5¥80NY1 4 Uag 5 YU 19n91n5AnYeIRaenaIugsganean 10,000 AU UaYABES aRIIUIY
asnluifeunINg AN W.A. 2565 Usemalnedssen1adnanu1sanIuAtEanIun1seing

uWssEUale wazusenely Covid-19 Wulsauszand

'
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NA1: U

Mathieu, E., Ritchie, H., Ortiz-Ospina, E. et al. A global database of COVID-19 vaccinations. Nat Hum Behav (2021)
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Covid-19 Pandemic Period in Thailand
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1NN 2.5 AATUNITAUNITUNITZUIAVBILIA Covid-19 damaliinisiaunisanag
pthaTiulédn Fauueuin msseuiaves Covid-19 Mvlwanumsalnsiuniaudeulust
lan

TagflauAnw13delu Texas (Uiao et al,, 2021) Tatuudnaes autoregressive
distributed lag snlfiflefiazinisiasuutassuuuumaiumaly Houston $3a Covid-19
Tnsuuusaesdl wansisnisanie (unique) TuNImMUSINIULAZILATIZRNGANTITNNITAUNIS
Tu Houston Tuw23 Covid-19 winiu Fswansidedlfifiuin suuuumadiBengtasasns
WA BLLYAIT I UI8 Covid-19 veewmilsduasinouniin sxfidninasgauinse
ngAnssunsRumsludUavisaly wenani dmuth seuuudansrsasdnnsldiulas
anas uwilifiteddysonsussnasauauiiiuiiet v ludsemagintg (Dingil
and Esztergar-Kiss, 2021) f91UAnw189ANEUNUS 8111971558 UABe Covid-19 Lay
sUsuumadusiistulussna Tagldtoyannnsdsassvitusena Seiinislesgy
&nwalgma Socio ecomomic vesldszuvauddutisieuinnsszuinT uaziileinnisuns
53UIMT04L3ALTI5HN1 T AR ANTINNI TR U Taeld wuudiass the multinomial
1neans3de wudn fldssuurudsnsisueiivunliiiezasulnuanmaidumannniigld
soeud {lUsadnseueud LazauAuwin 11ndis 31.5 Wi 1nndtTesar 10.6 Lag 6.9 i
audiu sanAdeduandifiuiszesmailflunsidumaezssdumeldduaestladeid
Svwasnniiga lunsdadulafertunisiiudonsuuvumsidunsurinmsszuinveslse
anadwsvantanansndudunmagviouraserliviifieusudsiuiiuasasvgalusening
nsundsEUIn Bnv sndnseusudiuazssuidiuyaeadignuesinduguiuunisvuddly
Fesifianudsiesiian lugsnisunsszunn dafunsiiulnvesnisidumslusyiuy
fnamniuiviuieiesay 26 uay 15 MUETU 1§191NNIITUINVEY Covid-19 AMNEBINTS
Hunsanas Lesnnisidumssnessuurudanaruanas dedsmansgnuiduaaniiedednng
dmanmsdsunlamningsy MTAuNENETTULILEAENSINsLTeIINMILNTTEUIRYBY
Covid-19 Tudszimmansgaiusni (Cho and Park, 2021) lagilFeuiisudnuiunisidenvas
Hlneans (crowding impedances) lusUIanuneulazain1sszu1ves Covid-19 NIUNIS
Uszillumeiuudians random parameter mixed logit Han1sideuanslmiiuiI1 Msilunves
A lAUANIUAIINAITTEUIAYEY Covid-19 ﬁ?uﬁaLamaﬁﬁﬁqaﬂdﬂdaumﬁgmmm Covid-19
Uszanas 1.04 ~ 1.23 i 1iaid Ssdinmstaueulevisnisvudsdmsugtmuaulsuienisouds
LLazﬁﬂﬁﬁ’ammﬁa%’uﬁaﬁﬁﬂqmmisuuiaiﬂmﬁﬁmsﬁ'Lﬁmmﬂisﬂameﬁa

A 158l Lockdown 1118431AN15UNT 52U1AYB Covid-19 Hn15Anund
nenermazvhedlansdsuslamesguiuunsanasuwissaulusseydy Tnglideya
INIATsARNY MAC WU Wi-Fi douiadasiifindafiangmsaansly Chennai Usinaduiie
(Patra et al, 2021) Han1538TIITLIIAINTTUANTITITULT BnULanatog 19l Tud ey
desndesidalunisiduns @anisidumslisnidy) mslidumsluaniuiiviay wagnis
seTsegnauduainlusening Lockdown agslsfiny flefinnsieunats Lockdown ad
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AunssunmsasasuuiesnuuAiBuiiu nud1 113 Lockdown egnsauysaifiusyansningsan
Tumsanfanssuninfunisuuiesauy uin1s Lockdown fiauysafluszezinatdu 9 wuu
angfvenalinaussleviifiesdiasaviniy wenaini s Lockdown Tnglaifinistaduld
sthamnzavealilinadlesanlssnsunuiionasfinasdeuuzindmindulsuim

MnUFRIImeuauswielsalalsuilsameiusly (Covid-19) Ussmenine sialanlst
AT UNTUIRTNNTA9Y Wi sannsuns nszaevethsa ananisuudsld Sunansenulngnss
Tnsannzeg 198 191nNsuns ssunaaunsalfana 1 Tuussweeesuil (Konig and Drepler,
2021) F9ldvhnmsAnwiAendumansenuvesanumsnilalsunlaia erduauadesialunis
Aunafiovneyumedluieg ordtluiufivuunidmsdunusslidoyaieatumssuims
WasuuasesunufuAsumsiiumsesyanaiilafunansevu Tnsmsdunwalmansdn
WaZLUUA1329AT A5 oUW aUT e Tuwnwuunves Altmarkkreis Salzwedel nmouwmilawasuil
wui Jewaz 62 lifimsAsuamsiumaiesuuuumsiiumila 1 Wesnanunsains
uN352UDa Covid-19 udlunmsan wui medumstammiieunilduaufignondn uasss
WutadunnIn ﬁmim%ugmwumi@u (mode-shift) MeansaeuduazsaUsedmne lugns
Fumasnednsenu @ mode-shift voamsiduwinlifimsiasuuas freunuuasumudning)
lail@AedmansgnuluszszoniidaauuinsunsssundongAnssumafunaeanana &l
mMsAnu iy (Anke et al, 2021) lagviNsInTIendeyaree i3 Iun15d1TIa 4,157 Ay
(2,512 NIRRT Lockdown Wag 1,645 91n#iwudi Lockdown) Tutsanunnsal Covid-19
WY anﬂismmi@umwmﬁﬂum?{zJuLL‘Uaalﬂ Taglaw1zeg 1989 MaAumIINTEUUILES
anssnzlugsosuddiuyana waenadudud udnse ity luwasivssmaiaud ud
(Hasselwander et al., 2021) ﬁ?ﬂ’ﬁﬁ’]i’)fﬂwqﬁﬂiﬁﬂ%@ﬂﬂi%%’mﬂuﬁyuﬁlﬂiqﬂ:u%ﬁaﬂﬂﬂﬁ’mﬁ
nswiteyalvsdniidiefiowas GPS WUUTINAN Google waz Apple e?iﬂﬁ%’au“alﬁmﬁ’quamm
msAumsisteuLazsEinanmg Lockdown nuin madumeynsuuuy Idanaegefidediey
LasTULILd IS sz anaunniianadsfisiesas 74.5 Tuussmasiuy (Awad-Nurez et al,
2021) 9515zt eyadinnan ITS Y8esvUUTUASENE1AILUAZIINNABIAIUANNITITIITUAL
dumeiAunndeuiaisuiisumaifiunssewinanou Lockdown wag 183 Lockdown &3
MTIATIEN WU MINsnlaeTINanasTaga 76 MNFLYTsEULINdIaT ranasiaTouay 93
mMsUdesfiny NO, anasldfisiesay 60 warguAwmainnisasasanasliisiesas 67 Tuvad
Usziwmadulatli@e (rawan et al,, 2021) g iinsFnensiUasunlaswenanTsukayMsiAunIe
1A 929 99lu7 2905 LA UYINTIEUIATES Covid-19 HAuNSAOULUUEBUDIN 1,062 A Tagld
wuugeuaauuules SrnnsAnuiinuin nmsssuinues Covid-19 wag ms WRH duasenis
Fumalaenss deiliAsnmsasuwlamgingsunsifums lusdivaneyssmeriilan (Cui et
al, 2021; Lee et al, 2020; Muley et al, 2021; Politis et al,, 2021) finsnAnEIIATIZRNGANTITY
MR swesszneluvngAfinsundseueedlsn Covid-19 wulnsAunsanasestaiy
¢ el luuaUssme sUuuumsAunsagdseuiy uazmsazdangaaauwargRmeg nu
anasdisseray 73 wazsesay 37 AuaU
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2.1.6 #0IUNTTAIYBY PM 2.5 A99INTANITUNITZUIAVBS Covid-19

Tugag 2-3 Ieunn fnsunsszuinues Covid-19 9anfanssuveaniywed
(human activities) asluigazann wagtiurlfanmundeulnesuvedanity uimnnisa
thdoya PM 2.5 wiedeyauafivniserniaing q lurnading luaansallueunan 3
o1vhlidedeiidsnasenisifia PM 2.5 fimswasuudasly andeyanimduiusves PM 2.5
Funfauafiude q Tugaenounisifia PM 2.5 wazeaefiinisseuinves PM 2.5 u fleny
wansinsiuegelilodfy lngainadndaingn wud AANudutuYes PM 2.5 %Lﬁ'uqa%ﬂu
#2991 (Dry season) Lazazanniadluiisgqeau (Wet season) wifinazegluiasnis
55UA704 Covid-19 Armuluduves PM 2.5 AflgUuuungAnssuanududulianiwin
anunnsalun@ Aeuflazlinisszuinues Covid-19 usagdla Feazuansrafuifisadniny
dudures PM 2.5 lursifinisszuinues Covid-19 anvvgidudusiningasneunisssuin
iy nm 2.6 WWuadddeyadianudaduindeves PM 2.5 Tusneroufiedinisundszunn
Y94 Covid-19 (.M. 2558-2562) uaziilefin1g Lockdown luvnigfifinsunsszuinveslise
Covid-19 (1..2563-2564) Weofiarsaiisuiisuamnudadues PM 2.5 sginsanunisel
UnfikazanIun1sain1sunsszuin Covid-19 wudn TuyegguuiAaududy PM 2.5
FEMINMTUNTTEUIN Covid-19 Hadfaandingieaniunisalunid (Ao unsiax - Tu1aw) us
Tuv2999HUveI¥9N1TUNTTEUIN Covid-19 nduwuindainnududu PM 2.5 #ndivias
anumsaiund (Fou nqunies - nanaw) wud gemadunidutiedeidfysonnuidudy
PM 2.5 fAnTu

1 Ui 25 funeu 2563
(UssnmAdaIunsaigniay)

Hourly average of PM2.5 concentration

PM2.5 (ug/m?3)
N [68) S a1
o o o o

—_
o

0

Before Lockdown

AW 2.6 addteyaradnduadeves PM 2.5 Turaznouiiasiimsunsszuin
989 Covid-19 (W.A. 2558-2562) uaziiiefing Lockdown luwaizfifinisszun
Y890 Covid-19 (W.A. 2563-2564)

fiun: TN
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Covid 19 Pandemic Covid 19 Pandemic

AN 2.7 FoyauanIfAIdNTuYed PM 2.5 ndesieiiou fAduliou lwey - Suay
u1: TIUTlagIdY

nnm 2.7 definsandeyauansienududures PM 2.5 assieideu fu
Aeumwney - Sunau ([ Suieumwoy Wesangidedeanisnunsiuasuvesnis
Lockdown wesUssmelng udiutuludouswiou) Tnsdunswaihdudeyadanuidudy
¥93 PM 2.5 W@ ss1eiiouvestisiiilaniunisalund (wa. 2558-2562) idunsddudude
yarmududuIes PM 2.5 1odseiieuvestisiifinisunsszuinves Covid-19 Tud w.a.
2563 @unsddendudeyaraimidudures PM 2.5 lasseiieuvesdiafidnisuns
s¥UIAves Covid-19 Tutl WA, 2564 Tumneauin aeanduduves PM 2.5 Tugasiifing
uns5EUInYes Covid-19 fiaianasegrfmau WewSsuisuiuanunsaiund uansiins
Lockdown T¥agfitiu wagnsdrdaiiuiivesUszsvuiinado Araudutures PM 2.5 Tu
NFUNNUNIUAT

og19l5Anu TusuAsevesinaszing wuin Wefinsunsszuinves Covid-19
luitlanty dwalizuuuunmsdniuinvesauudsunadiuiinig Lockdown Taugus
Tun1s Beusaulay Work from home Fvdsnansznusoiasugiaiiuaaning uaziilefanssy
ﬁLﬁuUﬂﬁmanﬂugﬂﬁﬁm denalvinisiaung (Travel trip) andagatiueageunn uagiinis
LUSEJUEULLUUﬂ’]iLauVIN (Mode choice) aghaiuladalunatausyine (Dang et al., 2020;
Puliatti et al., 2020; Venter et al., 2020)
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2.2.1 Awnesgruingiuduazesvasdszmdlneg
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nIEMTIMINGINTEIIINALATAIAdeY TnensuauALLafiy (NFuAIUALLATY
, 2562) It wmuasasgrufetuamnmenidluussenmantily asuld dadl
1) UsEnARMENITINTAIAGENLIINA aufl 10 (WA, 2538)
2) UszmAnznIIIMTAIASBULINA atufl 24 (w.A. 2547)
3) UsynARnIENIUNTAINGDLLAIYNA Uil 28 (.. 2550)
0) UsyMARnIzNIIUNTAINGDLLANR Ul 36 (.. 2553)
21NUSENARNZNTINNITA UIAGDULAIATS 4 atut19dy wudn wasgn
fvualitienanudutuluusseinavesuruiadnnii 2.5 luaseu (PM 2.5) lade 24 dalus
13iifiu 0.05 me/m? wavAnadeluszozingr 1 T JenluiAu 0.025 me/m? IneiistaziBona
wmsguruaroadlussUssma wagAunssIuvesuazoasiainig Tuduusssinaves

Usesnelng fami919 2.3 - 2.4

M1919 2.3 Anunsguiuazeadlusiisssme

PM 10 (ug/m?>) PM 2.5 (ug/m?>)

Usind z = 7 p
24 47134 19U 24 ¥4 19

WHO 50 20 25 10
US.EPA 150 3 35 12
annmelsyd (EU) 50 40 - 25
DOALATLAY 4 50 25 8
duLAY 100 60 60 40
damlus 50 20 37.5 12
U 150 70 75 35
ney 120 50 50 25

Nun: nIUMUAILATY (2564)

M504 2.4 AnsguduazesdluussenavesUssindlng

A111A531 (pg/m®)

Huazaaq 3 2 4 =
: 1288 24 FU9 18e 1 U
ualaiiiy 100 lunsou TlaitAiu 330 laitAu 100
ualdiiy 10 lunseu laiiAiu 120 laitAn 50
vualaiiy 2.5 luaseu TlaiiAiu 50 laiAiu 25

Nun: nIUMUANLATY (2564)
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2.2.2 avtiaunIwainiAvasuszmAlne (Air Quality Index: AQI)
UseAlnelaldnauiinaninerne (Air Quality Index: AQD (nsuAuUANNaiiY, 2564)
Tunsiemuaanunsaidawmmuenaiu dwelidssrmudilaldie uasieliauluudaziivui
lasunsuisanunsaluaiiynieeniedngulsaua vy nsenudeguamsnendeeiiede
Tnesaiinuamoimagnldiuogaunsvaneilan fdluanisouin ooanads luedooeis
Useinerdaelus anade wazlve 1Wudu
dafinmunmernidldunudmududurssafuiinssneegluemeisdu 6 s
mefiu (hsumuauuaiiy, 2564) laud 1) dusvessunaliiu 10 luasew (PM 10) 2) {uazess
ualiiu 2.5 luaseu (PM 2.5) 3) Anelelau (Os) 4) Amensuaudauanten (CO) 5) Awlulnsiau
laeanlad (NOy) 6) findauesinaanlud (SO,
aailnunmeInad s ulszmalngauisauyseanlaidu 5 szau laun szau
Sunse eAUlsiA sedutunans seRUR uawseRURINN Tnetien AQI daus 0 1 201 FulU Faustas
swivasldadudydnualifisudussduidmansynus s (1137 2.5) Tngsnasgruranm
omAluussemalagialuaziiadadnaunmeiniaegi 100 snndviinaunineiniaden
1NN 100 uansinAvinasyu Insesssiinansenudeguam TnefleaziBonvesinasivesivil

ﬂmmwmmmmﬂizmﬂm PRI 2.5

M99 2.5 inaivesdviinanimeiniavesUsenalny

”
AQl = A A195U"Y
qmmwmmﬂ
0-25 370 91 ANINDINARLIN mmzﬁm%ﬁﬂmiuﬁag’
nansudaznsvioaiien
26-50 f Ok AAINDINTAR mmsaﬁwﬁfﬂﬂsmﬁ'a&uiﬂmﬂuﬁa
wasmsvieaiiesldmuung
51-100 Junang aeg | AuhluanansavnAanssuluiiuinanaudld
auUNA
101-200 MG &l mﬁﬂﬂé’auﬂwzi’qqmmw filons lo mela
SN SEABLEDY AISINRINTTUNANILTS LD
ARH Wium wazdUaayn dwsugthelsaseuy
mafumela wasasidesionsuiioglufiud
nanauds dudgsenguazin aasuanideenisvi
ﬁamsuﬁaq‘iuﬁuﬁﬂmqLL%’QLﬂunmmu
117901731 200 SUNINY LA 1qﬂﬂuﬁawﬁﬂLﬁaaﬁaﬂiimﬁagﬂamﬁq LazAIS
aldinUnaundesiunuies

0: NuAUANLaTY (2564)
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NSANANAYTAMAINEINIATIETUILAUIUIINANANUIUTUYBIENTUAT YN
p1mATldandeyanansnTIINMNINEINA NENTUATITINYBINTLAIUANNATY

newlsuinduadviamunimerniaissfusiigg lasddindanisnaninenia
wazdes nsumuauuaiiv lulsumalne I8t musnusivesdsiidfnnmuniwerniea tnedins
AU suifisufunnsgIuaunmusseIn AN luvesa suaiun1ae1nA 6 Usziamn
AaLanglun1ge 2.6

NSANANAYTEaUAMAIMYBIDINTA AIaNNTT (2.1)

L -1,
I = X——X (X _Xi) + [ (2.1)
j — i
laed
I g ARYtlgouAMNINDINTA
X fe Aenududuansuaiunieeinia
Xy, X; A Aenan,a9an v0sYanududuasuanividen X

1y @e Ardnge, gean sewasdvinanmeinafinsaiutispnududuainasel
gosfidnunle lnefiasuaiwnseimeUssanlaiaduiigean agldu
v A 1 :’I
AYUANINDINEA (AQI) Tugraaniiy

A15719 2.6 WARITIUAZBUAYDIANUTUTUYDINAN EN19BINIAANNURETA AQI
FIAN159577 AQI NAliAITAY 50

M99 2.6 ANAINTUYREN SUATIYII N AT UL UA Y Han eI A

PM 2.5 PM 10 Os CcO NO, SO,

AQI (pg./m3) . (pg/nln3) (pr) . (pp.m) (p;lnb) . (pp.b)

1ady 24 FlussiaLloq 1@y 8 ¥alussaiilag wde 1 ¥alussaiilas

0-25 0-25 0-50 0-35 0-44 0-60 0-100
26 — 50 26 - 37 51 -80 36 - 50 4.5 -6.4 61 - 106 101 - 200
51 -100 38 - 50 81 -120 51-70 6.5-9.0 107 - 170 201 - 300
101 - 200 51-90 121 - 180 71-120 9.1 -30 171 - 340 301 - 400

> 200 > 90 > 180 > 120 > 30 > 340 > 400

NU7: NsuAUANLATTY (2564)
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2.23 Famsasnadanauniweimalulszmalng
Uszinalnglanmuaaiuasgiuduazesssuialiiiu 2.5 luaseu Tuusseinia
7l Tud wa. 2553 TagAedsmnaududunieluszezinan 24 $alus azdedlsiiAu 0.05
me/m’ uazAnaasneluszezna 1 U axdedlaliiu 0.025 me/m? vt Mirmusisnsatn
Aanmenafiveusulusziuaina wazlianadsvesjuavesduussenaiidunsgu
Py dmiuiinsnnatadieisiu 4 tu nsumuauuanvldiiureuuasfmunlily
UsENIAYRINTUAIVANNATNY 1518ad8ARIMI59 2.7
91NUTENARIENTTINTA WA DUV 1309MIIMUALNIATFILAUAL DS
el 2.5 lupseu luussenniaily NIUAIUANNATY, (2562) NTUAIUANNATTY, (2565)
I¢szyatnansanindadsvesdu PM 2.5 1% 1) Beta Radiation Attenuation vi30 Beta
Ray Attenuation 33n13m9293nszuugandusediudidunisnsaineyaiaduediedelios
degaenmamdiunluszuueyniauazanasuunszatunges nefifsdludaneniunszay
n3es annsolenpiUiinaeyneiulianemduiusvesUTInas @ mAuNsiunsEaY
nyoufisufusediiate Tnenin 2.8 waneiie81904A5 09053997R 2) Tapered Element
Oscillating Microbalance: TEOM tHugunsalifusegsiinszanunsesazgninogiivaoves
Tapered Quartz Tube dufumiloudonidssitidensiuasundasaudlunmsduresiuuy
nsgA1unsas Tasniw 2.9 1iun1suansd uneun1svina1uraasE U 3) Light Scattering
Fanelua3ea Light Scattering aziunastniauaaesinififudruduaddinssnui
9UN1ATUIAAIIY TN 2.10 LaA9LAS B4 Light Scattering ¥8anIuAUALNATY 4)
Dichotomus Air Sample n13ns193aruseaUnsaliufIBe19LuU Dichotomus Air Sample
Hugunsalfidmsuldlunafudu ueniAudu 2 vuie Fensaaiavunduiidnnin 2.5
lunseu wavauneduszning 2.5-10 lunsou Tneldiedosioinieaientu wdesiifvuadn
niATes High-Volume uazldormeesnit lagldnsgaeneriuiidavuinvesiulsiiu
10 luasou Wnnnsznuiugunsaidnuenduazeas (Virtual Impactor) Ll awend] uazond
poniduassuuy Ao aunlitiu 2.5 luaseu wazvuadeud 2.5 luaseuduly udliiAu 10
luaseu 9ntu tusunsosndamimidnuesiuazess las nm 2.11 wansdunounaifiv
oun1Al uR181A3 84 Dichotomus Air Sample agnslsfiniu Fansinsnmaia uazoosly
USIINIA SEUUNTIRIASN (Gravimetric) A2eiA3 i Ui 18819 High Volume Air Samplen) & fie
ms¥nenrulaensgaenAE TULALNTeY Feansnsansesuavesswun 0.3 luasou léFesas 99
LLé”JmﬁmﬁfﬂsuaﬂsQuazaaaﬁé’wuuuﬂummﬁﬂLsziuf‘ﬁ’u



M504 2.7 BnsesedaduagesduusseniavesUsenalng
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d1suane | A5n1590/25n529 M NUsZNA 2/N1I15INNIUUTZAANTH
MOIMA | AIENTIUNISAIUINEDULIAYIR AIUANLANY
AGELRR Bsnsrainunnsgu Federal | Bnsaainadevesiu PM 2.5
gualdiiu | Reference Method (FRM) i | el
2.5 lupsau US.EPA Auun 1. Beta Radiation Attenuation: Beta
(PM 2.5) Ray

2. Tapered Element Oscillating
Microbalance: TEOM

3. Light Scattering

4. Dichotomus Air Sample

U: NuAUANNaTY (2564)

AN 2.8 I/N15M5IVIALUU Beta Radiation Attenuation 39 Beta Ray Attenuation

Pilo
Tapered Element sampling inlet

Oscillating Micrabalance '\ | / (TSP, PMze)

(TEOM)
Flow spiitter H

— 137 Lmin

N1 NIUMUANLATY (2564)

3 Limin

:
¥

By-pass
flawiing

bl

Mass fransducer

=

(tapered slement)
Amplifier and
frequancy

counter

|
e
[ —

Exhaust

Vcuum
pump

AN 2.9 53UUNN5W9IUYBY Tapered Element Oscillating Microbalance
Nun: nIuAmUANLARY (2564)



AW 2.10 1AT84 Light Scattering Ya9nsumIUANNATY
un: nsuAUANLATY (2564)

AW 2.11 miLﬁuaymﬂﬂguéf’m Dichotomus Air Sample
Nu7: NsuPUANLATY (2564)
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2.2.4 #011ATIRINAMNINEINIAYIINTUAIUANNATY

Hagtufianfnsaiavianun 64 aonil Tuiuil 34 S Fanszarsegluniiug
nyannuuAsLazUINMNa 23 @il aAwmile 15 @il aanziusen 11 @il a1pniale
6 annil neiueanieavile 3 an1il ManansuaraAngTuan 6 @nnil

anndasiainaunineiniAvesnsumIvAuNaiy Jlassasiwesaniidudaeou
wiuued pualasUsEanmuning 3 WA 817 4 AT 49 2.4 1N AIUUTIUADLNTATUIA 5
WP 871 5 Wes aondasatafiviinisiesed 2 nwar Ae andesiaTnamniweiniaia
LHUN1995195 (Road side) agTunuunievi1aInauunantidiiy 10 wns wazanilngiadn
Ao AluTTY Teazoginsninauundny szaa 50 wnstuly uwasdeaduiiudila
donsratagunnluiuiviluvdeduiunmesunasiiinenfovesssrvu

Aufidraanids azfadaardmyuiadwadssiiensataaninernianis

gnileadngl Pailaugauszanns 10 LWnT ABULNTALRSYRRATEIUTUBINIA TIUIU 2 LAT DS

v v
a v o

wazarinnsdilagsevaniils laedinisnsainanimeinaniugniioningl Useneualy 1)
QNN NYeIINTA 2) TAN1YBINTZURAAY 3) ANAEIVBINTLUARL 4) AUAUTBIUTTHINA
5) UStnamini wag 6) USHnnin1sus$edveuasninaeeing wavunasdun
meluandasataiinsfndaeiomnainaunineimauazgunsaiiniesnsie
fnanmermansgaienine indesinseiuidssusani uazialosiinnzinuisiuiinna
mM3n51ain deflszuunshauuuudaluia Jeneluaanidesimsmunugamgilivanzan
somshauveaaiesile aufuuzthangnan
asuaivluussemaiinsnata Yszdani vszneusie
1) Huazeas i
- duazessuialvigiaus 100 luasauasn
- duazessuadndaud 10 Tuasauasn (PM 10)
- duazessuiadndaud 2.5 luasouasn (PM 2.5)

2) fwAsusuueusnlan (CO)

3) Aadaesineanlen (SO,)

9 Awesnlanvedlulasiau (NO NO, NO
5 felalasaisuay (CH)

6) nwlalau (Os)
lnganningi9InAmNINeINIATINTUAIUANNATY YIIUTHVARERAIRININ 2.12
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AN 2,12 ﬁﬂ’]‘ﬁﬁ]i’&"\ﬁﬂ@ﬂ«!ﬂ?W@’]ﬂ?ﬁ“(JEJ\TﬂiiJﬂ']‘U@ﬂJllaﬂ‘H

22,5 aandnsraiavesdindauindon nyunwuvuAs
meluanils SnsfedandsansaainnuaimeiniauazgUniniiniomsiatn
anmemanigaienine indesinsziuidsaunsani uazintedinneiniieiuiinnans
37930 Beldszuuvhanuuuunlulia dsazdesiinsmunuaumgiinneluaanillfinunzaude
mMshauvesaiosile
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a1suatwlueINIANILYiINSNIIVTNveILAaTEnTN Usenaumie
1) Huazesd laun

[

- AuazepsunlrgAaus 100 luaseuadn

o
1%

- Huazossvuindndug 10 luaseuan (PM 10)

- s!uazaawmmﬁﬂ&y’uwi 2.5 luaseuasn (PM 2.5)

) feAisueutauenlyn (CO)

) Magamesiaeanlen (SO,)

9 Meeenlgnvedlulasiay (NO NO, NO,)

) falalasasueu (CH)

6) fwlolwu (Os)

TnganilnrainnunineInAuenTAUANLaTY ThUsEmALaRIFan T 2.13

AN 2.13 anninTI9inAnNINeINIAYEIdTNEWINRRYN NTUNNUNIUAT
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a ad a o ) °
2.3 LLu?ﬂﬂLLﬂSVIE]‘U{]VlLﬂEJ')ﬂUﬂ']ﬁWW“']LLU‘U"D'TE‘?@\?

LUUTIa8INNadaA (Statistical Model) 1 un13d1a09aa1un150la NN NNI5HaL NS
AuIUNNads lasdrulngualasinluldlunsimseideyansluefnauisdagdu tite
e wensal wseaanisalmansaiidululd Neziieduluswan

LUUTIa0BmeInsal Ao N1SUILDIANAAIANTUNITIVIUIELALAIANITAIUNTTAIT

& = a1 1 v A LY cay v 4 1
duldlaluewen Baasidiudiglunisdndula nwadwnalaanvgnisalaineis o lag
wuudnaesilenldludagdu Ao wuudiaeenisnsiasieinisannes

2.3.1 WUUINABINIFIATIZHNITONNDY (Regression Analysis Model)
NNTILATIZANITONN0Y (Regression Analysis) AB NISATUIANIUAITUNISEDRA
NUNISANIANUEUR LS SEnIeduUTans 9 Tneaunisildunvstanlddmsunsuszan
AduUswileandwUsdu 4 finsiue faus 2 faudstull Yszneuse
1) FauUsdasevsofuusdu (ndependent Variable) 1 uduysf auu@n
finarofuUsideanisussanae wiude x
2) FauUsT A en15MsIuns afaulsn1u (Dependent Variable) Aofauus
fioamssutedosnsuszanamium uwnude y
F9n1534A5129A28 Regression aunuFIBaNNITASoflaiTunsndaaans o
aunis (2.2)

y = f(x) (2.2)
y=ax+b

ol

A9 AUUIAU (Independent Variable)

Ao AUTRL (Dependent Variable)

fio AAsTivesaNn1sannes Juduagadn (intercept) Wnuves y

S~

Ao ANdNUIEANEN130n00Y (Regression Coefficient) U84 X
NMIATIZINISaNnRsaINSaLUIeaNt Y 2 ANy A

1) mMTATEianneeeg13918 (Simple Regression Analysis)
mMmsginisannesegishedunsfinviiiemannis Swansauduiug
serinadandsny () 1 duds fududsdase () 1 duds vy endregradu Tuns
AANsaiUGnuareas PM 2.5 dniiteussiliuviniinasluayens PM 2.5 Tuogifuyiana
A9niesedaier Tnefivunansasesinarilden PM 2.5 ifiadundomadld fedu 39
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denldnsinszinisanaseegnsing tagliusunarduazess PM 2.5 Wusudsnu () uay
3199193 1Jusudsdasy (X) Asaunisi 2.3

y= Pot+pPix+u (2.3)

Togil
X Ao AUTAU (Independent Variable)
y A9 AuUsnu (Dependent Variable)
Bo  #o Amafi (Intercept)
B1 fieo ArduUszavsnisanney (Coefficient Parameter)
u ﬁ@ f’hﬂ')']llﬂa']@l,ﬂgau

2) mazannesnvan (Multiple Regression Analysis)
meTzinisanaeenvgauiuisnsvieiniedlefignlifuinly wazdeald
ot aunIvany Fenansauduiussenineiaudsniy (Y) 1 duds dudauusdase (X)
1NN 1 MU ensegiay lunisamanisaluSunaruazess PM 2.5 Usunarduazess PM
2.5 ?Tuagiﬁummaﬂﬁa WU U3HNae95195 Anuneena aumgd wazauiian Wudu

1%
v v =

audsdentdnisiwsziuuunan Tngliusinaduazess PM 2.5 1usudsnu (V) 39

Yuagiudulsdasznaeduys loun USnasas (Xq) anunaena (Xy) aaumgi (X3)
LasAUEIaY (Xg) ASaNnTSA 2.4-2.5

y= Pot+Pfix+tu (2.)

Taedi
A® AUUIAU (Independent Variable)
y A9 AuUsnu (Dependent Variable)
Bo fo sl (Intercept)
B1 fie AduUszavsnnsanney (Coefficient Parameter)
u flo AR uARIALAEEY

y = Po+t P1x1 + Paxy + -+ Brxy +u (2.5)

e
X1,X2, 0, X A9 HILUIAUS ¢ (Independent Variable)
y A9 fusnu (Dependent Variable)
Bo fio Al (Intercept)
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B1,Bar - B AB AduUsEANSNNSORnaY (Coefficient Parameter)
u Ao AANUARIALPADU

2.3.2 WUUIARINITIATIINUAUUS (Multivariate Analysis Model)
N1931A512R NN A5 (Multivariate Analysis) L0 uLA3 aedlonsad v d1Aey
A3 aeilenil sluni1siiasiesiveyal¥suTuna (Quantitative Data Analysis) vt 81Ld11a
AuduiusuazAunIeveoyannazyneg1luszuu Tnensidadeduazly Aaudig
a ~ oA A v o ea .. . .
Weanssaziianuieieldidudsedneliey (Empirical Generalization)
n13eszinaanUsdunsinsigridudsaaus 2 69 1o N9z a9n15m)
Y v 6 fa a é{ v a LY = ) o v (Y
ANduRusvasan UM saiiiAntuluaanfeiu dahldldlunshanudiladudsyn
Wue wenanil deraglunisdnnguyavesdiklsndanuduius doiu wagyiuneAiwlsei
vy lngendeanuduiusindegainn1siasieiiiay waza1seauded1fAey (Level of
Significance) #3alan1aNazlAnANRANANR FILUTHUAIUAINU TN TULDS
N153ATIEludNwzll A8ABIA iR ANYRINTAIEUNATIU A1Y
Wi PUVDITBYAUALAIUNNL ANV AU TN FURUS A UALUATIULAL TN UTEANA Auan3
amslunn 2.14



Independent Method

Nominal

nsasevidaya
wuUaNeALUS

laifinnsnennsal

EAUNITIA

YIFAMUT

Nominal

Fnswensal
CERIR

® Factor Analysis

with Dummy

® Cluster Analysis

® Multi-dimensional

Scaling

® Factor Analysis

® Cluster Analysis

1dnwennised

Nominal

v oo oA
TEAUAIN

SEAUNITIA

YIRS
Ordinal

v o
TEAUAIN

1dnwennised

1 s

fnswennsal

FIUUFAMYT

fignwennsal

wINndn

FEAUNITINVDY

'3

Al dnensal

JEAUNITIA
Y9IFIUUT

Nominal

Dependent Method

1 fuds

Interval

Nominal

* MANOVA

® Canonical

Correlation

Interval

Tdwennn

v ow oA
ITAUAIN

01

38

Nominal Interval Nominal Nominal Interval
Dummy Discriminant Conjoint Analysis * ANOVA Multiple Regression
Discriminant Analysis ¢ Dummy Multiple
Analysis Regression

AN 2.14 NFIATIBINTEILUS (Multivariate Analysis Model)
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2.3.3 WUIRALASNgUANEINU Machine Learning
1) Msi38u3Y04AT (Machine Learning)

Machine Learning fie n15vinlvimauiiamesiseusiarenuaiiiunistou
v = o =~ a o a Y =
Toya Feazuansniunislisulusunsuaeuiiimesiaeiill insemadeulusunsuasiosd
aadusnauiadeyauasiilusunsufidewdily wielildanidunadndoanun ui Machine
Learning ldyatoya wazAmoululyl wazaglyl ML mlusunsuianunsofuInmaans Wug
lg dwuihluldanamisalnadnsluewan

Machine Learning t38u3ndafidadly uaiandntayald danadnsaonin
30 code Ndwsialuuansua Machine Learning gnldaulunangsluuu desendelusunsy
w38 Algorithm nanewuy laedundeszideyadudeenuuu afuuuiasadierhwense
wensaldnanintuluewan Ingldtoyalueseile

Machine Learning uenansnisiseusves Al nanfie Al awmnsaviaiulelag

% . . a v a a % [ ¢ < v [

81#8 Machine Learning \3eu3anndsitdluliuazuaninadnseanuiduyndeya lngonde
TUsunsu Algorithm Tun1suszanana

2) Uselanyed Machine Learning

Machine Learning utveanifugunuunisizews 3 wuu laun maseusuuudl

n19d9U (Supervised Learning) miﬁauiuwhiéfaqaau (Unsupervised Learning) Wagn1s
139U3UUULETILSS (Reinforcement Learning)

- N "J—-ﬂ:‘_.‘_
N B +++
: o \
~'§%\" i °§b‘c’,o U
o° %

(n.) Unsupervised Learning  (%.) supervised Learning  (A.) Reinforcement Learning
AN 2.15 Useanued Machine Learning
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2.1) Supervised Learning

nsiseuslagiideya (Data) unaeu AensinlvineuiianesAuMAIRU
vosilymldshesies ndsanmsdouiandeyasiesiidgadnluudiszonils W msuen
van win Inedndieseideyatdosaiianuudiass flavinlvineuinmesidnvan unudly
Tngtetayavuuudldidnly wu dnuavedinuiavdndnly dveawiusiazds lnoulasl
Funwreufiumesnou Aemsuvandusiay Senin Features ndounaslfiaeiilie wua
Tneldtoyaifuiiay iFonin labels uazfomanldidnlunieuaasiniddonsn Weld Input
\@§9ud Data Scientist g Train Model ielireufiamasuonuesmnuailéniu Features
1a®8 Machine Learning i l#laesi2lu Usznauludae Support Vector Machine, Gradient
Boosting (XGBoost), Naive Bayes, Classification Trees %139 Random Forest wJufu

#aNN15v8Y Supervised Leamning aunsainluussyndlduidaymils 2
suuuy il 1) Classification Wumsasuliiroufinmefizouiannisladoyaadly wu auudd
andnTlidinilidmeiuudavenindaiialu fe uwwn dluulildun vie veniida iy
Ao wn sy fe vun Widunane f shuuuiluides 9 udlhdnneuies dunneaugnn
wladn msaeuliuszansnin L'%&Jﬂﬂssmumiaauuwﬁdw Classification Wz 2) Regression
Junmsasubireuiumeiiannisldadeyaadly wu aunfvdumes Sdiown udrvenindd
3101 1 §ruum wazdih 3101 2 ruum Fuuuitluvane g e audindia Model wie Logic
Tun1sfiavanmsaunesidies suasmdumsidinlmidu winfezamaisiaildae 3en
AsTUIUNIARULULTI Regression

514 Supervised Learning figUnuunsi@eulusunsuiiunndnsesnly
GL‘HSUI’NLLiﬂﬁ]‘“L‘ﬁ&J‘l&IUiLLﬂ'ﬁﬂﬁﬂaNﬁ’JLm@%ﬁ%’lﬂ Model %38 Logic aalUsunsuT uLLeq N
Foyavuiuaznadnsiidesnis 91nusath Model uﬂfn muuaqmammwma NAANSTT
AaMaInTane warduSinannn fezduiilile Model fifimnuudugannty

Output

e
i ( Algorithm ) ( Processing )

AN 2.16 Machine Learning Usztan Supervised Learning
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2.2) Unsupervised Learning
NsSEuSLaENeINTaiNa lAINNITTIRUNLALAT NS UTBIRILE$N
Yoyadilé$u aznsaduiu Supervised Learning Ao Liifideyaunaou livenin Ao vuvie
w7 uiagTwuenuesies wuusaeeiildiu fie K-nearest Neighbor, K-mean #auanind1y
WANFINUBY Supervised Learning ag Unsupervised Learning Tuaw 2.17
2.3) Reinforcement Learning
Reinforcement Learning vJu Machine Learning Algorithm WUUnis 7
yauad1edunisiuyuedisousaionisassdnasign ag Reinforcement Learning
Usenaudie 1) Agent — §aunu Action 2) Action (@) — N15%1989 Agent 7idanansenusie
dawinden (Environment) 3) AauInday 130 Environment (e) - s¥UUTl Agent fosdaans
5213191 4) State (s) - #30 @n1uN15Aiv09A WINdBN TN toidwianunsadlald 5)
Policy (\pi) — ndnmsfierdwildlunisidennisnseiin wide Action ndsainnsivanIunigel
&3 6) Reward (R) - fuszdfiudmeudiinainnisnszvihveierdun 1w azuu 1978 %3e
mansaienlsignses Wusu
1ne38N19158 U283 Reinforcement Learning Ag A15YINAMENALOLTUN
(Agent) AARaNAsADANTIENINAULUUABIARABIQNTENINgNTE AU Aaundey Tned
msshveseliuiazaisaifeaniunsaivedainden K1u State wagldonnsnsevindidana
#o anmanden ielld Reward Aidfian

Classification Clustering
L J
® %\
® o ®e e S
X xxx ..00 °. e %
x %% ® o )/ . & e ®
*® S 2 ‘ . ¢ %, 1
xX TP o o = °!
= *d e il
© =l
2 o @
Supervised learning Unsupervised learning

AN 2.17 Machine Learning Usgtnn UnSupervised Learning
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2.3.4 LLu'JﬁmLazmqwﬁLﬁa'Jﬁ’U Deep Learning
TuduveanunAangquiiisaiu Deep Leamning 338ldnuniuniannisie

Deep Learning (lan et al., 2016) va3aa1du MIT TulseimeansgaLusn, Tneiflseandondadl

Deep Leaming Mg N1558uslkuudnlud@iiunisieukuun1sinauvesaues
uyud (Neurons) Feiierdudunilenas Machine Leaming Tasstnsuszaniiiosmaniiay
WA AnTINvesaNes ulvziislnasinAuaavedlasIteUTEaILTIEY uein
yilvanes "Foud andeyadiuiuanald winlasseussamifieondd layer eadsanunsn
annisallaouszanald us layer idousg i uiAnaiunsntieiiuanuauisans el
UsrAnSamuazannsaUsuudadiodfinanuuiugild Tnsuansnszuiunis faniw 2.18

151583989 Deep Learning msﬁsuimauwmﬁaamfu ILNTU 2 Srey
oA szogd 1 1unsuszendldnsudasuuliidudadu (Non-linear Transformation) fu
mamawlmu Input) lanaaws (Output) 2anU U URUUYBILUUTIADIMNISADR (Statistical
Model) hazszesil 2 LﬂumimmLLmezJ’]amumeLmqumaawumwmmum (Accuracy)
Tuseuiiifanela Sansvihegh 4 Tussesdi 2 5 13enda tteration Uagdulaiinisii Deep
Learning 11Uszgndldog19unsnans 1wy sasudliaudy (Driverless Car), @unsnluu, N3
AURIYBY Google, \A3asduiia (Fraud Detector) uazdu 9 BNNINUY

Tuiligtuiingth Deep Learning Tutszgndldanaunsuanesianisasasuas
uds U A15TUUSHNMRINeT Sasudenludd WWudu nsulaniwn WU Google Translate
Judiu Chatbots asnsaudtymgndnldnelulsiiFunit Chatbot Aeueundindu Al dwsu
wamesulatiudonuniotornududmyn dauausalunisdeasuazdidunisadie
Aunuwd N15Useyne b4 Deep Learning luatani1sguaavain n1snsianilsalaely
AouRImesTIsnarn1TItadelngldreuimestisamsavinlalagly Deep Leamning dnng
Tdfusgnsunsvarsdmiunidemanisunng msduahen wagnidadelsafianaudedin
WU UsdasunIUTLseUsEaman Tnerhunsyuauntsasanmmsnsunnd Judu sau
Tuflainumnutiuds mIsmantazmsasadurnlasy msuaanas WWudu

yIAIL 5 \den An g
. syutaya - L= . .
wladeym TN danasou wuUdnaes uuudnaes

AN 2.18 NFEUIUNITIINUYDY Deep Learning

AN 2.19 N1SUERINNALAYNTIUTILAY Deep Learning
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2.3.5 wurnRauazngunednulyiuszhvg (Artificial Intelligence) w3a Al
TudaSaddnsy 1956 A1@M519158 299U WUAAIS LA LA AL 81UYD S

UyayrUseanghiin “anuiliivguaidediuan” (Stuart and Peter, 2010; Winston, 1992) 510
MepNUAnLaEINgImans Al fsnsgnitwunsieilemasnlseifmansniaineimans dely
wnduiivansaldidnyaeil 1) nsvimeniaanude @ n1svimelunisasiuniesdnsy

s ukasfstavenlulfmdus el suanuauladansaionsandnsiy 17 waz 18
TRgUNANAAIARNS LazININGIAEAST 2) A1SAAUITUSLATUABUNADS NEANUITOLAULNUTS
ANANNNTD WU vingn Wusu wenantl Al Gsneti anuaainfiadouasaduliiiudan

Lifigin wianansasdilanalniiesunsdiuilamzianzaaintu 39 Al gniuuneenlanad

(1)

Jyauszavgifanay (Narow Al 3efisdndulude Weak Al vunods
sruuilyaussiviilasunsesnuuutasiinevsudmivaunevie
WAL SzuU Alwand fanadudalunisimd i svuel
2ENTALIULAZIANIZIANZAT UAYIANISITEUTUUUNTNN) UagANUEINnTD
Tumsuitiymihluifgtesiuauaanueywd
ﬂﬁg@ﬂﬂisﬁ@jﬁﬂﬂ (General Al) Ao Al TalUTanuanunsalunsanenaen
anufuavinwranlamunislugednlamunis uansinwensldivmwa
waznTuATYMIUUTUNANY Raenaud lalarUszuIanan1wIsTsNYIR
wilounywd lid1ipanizyanuiiualianmi uaganunsausuls
iihfvaaunsallug lsidunels

UayeyUsshuguuusdy (Strong Al) Ais %39 Artificial General Intelligence
(AGh) i ugUuuudugsvesiiyuszdvsfdanuannsodunisiug
wilounyud 719910 Narrow Al ild$unisesnuuunfiesuams A
nlulamnuseanuasalunsdile Seu3 wazUfuRume i
vianvanglusesuifieudssldiueueainvosyud

oy Al fanuduiusiunisiseuivedases (Machine Leaming) Wagnsiseus

18980 (Deep Learning) Aduanslunin 2.20

Artificial Intelligence

Machine learning

AN 2.20 LAAININTINYDITUA Al
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2.4 NMIANANITAINANENIEINA AusaRnauRsUagiu

Tud 1896, Wnineissdlanaiiaude Svante Arrhenius lavinn1saianisalannisuase
frgarsvoulasenled (o) nmisldidoimadunisndandnuardsalianzlaniou
Andu waziinansenusegumnilan (Arrhenius, 2017) lul 1976, aunAun1sssalinguay
uafiwmienaluanizeiandnsldounsnenuusniferiuiafivnseinaasiansyny
foduIndo 3'1m’mﬁjﬁwaqﬂLﬁ"mﬁ’umaﬂaﬂ%’auuazﬂmmﬁu q Aeades (Silberston,
1993) 1 1990 mirssusziulaniidedn IPCC IfmpunissnumsUsefiuadausnietu
nMadsuulasannzeinia seuidnussdeyaineimaniuasUssiiiunansenures
Aanssusywdsoannzlaniau (Schneider, 1991) sioulull 1992, Uszyuanuszanmndiieg
anmelanfeu (UNFCCO) lsaiadonnasiiazannisudesieideunszanuas maiteunidoya
Aeatuannzlandeu (United Nations, 1992) unfetagdu nseanisaluaiynigeInie
slandunssuiunisiidesiamnedwioilios wazdinsidouarsenuil Aanuieatadna
Ind3auieliAnanudnlafindaiefunanssnuremaivmeenmadedunadounazanud

ogslsfinm nMsaanisal PM 2.5 ufemsnsiadeudoyauiuna PM 2.5 Jaqiu
Fatndanandnmatanmuamenniaionhsauiifeoduiiui Anv Taensaanisal
PM 2.5 Tafensavaudoyauiinas PM 2.5 Turhsnaneunth wu 7 fuvie 30 Ju tielils
FoyavsrAuazuuliuinieu visiiuAnwaslflueanadiviomeianaiSouivonnias
dieduannisaanizal PM 2.5 Tusunan Tuinawantienalddoyausuin PM 2.5 Yagiiuuas
foyavsrimduiiugiu vasamsaianisal PM 2.5 onamuandeyaaindauusdu 1 saudas
W d@nme1nadagiu, Nsnszaneveday, waztladedu 9 dWolwianuualudlunisvitune
1Ny

luadn n1saranisalaunIneInalagianie PM 2.5 dnlddayavinantidinaanin
omalufiufiiieUssanaiunn PM 2.5 Tuaowdidug wilutigtu seennainmsitouas
saunluinanisaianisalgunineiniadislunanisaiduazlunanisis suvosas os
(Machine Learning) l¢5uamaulaidustsunn Tned3dsldsiusmnuiidnuiieitunis
AAn3al PM 2.5 sauslefmaufietiagtu 1ised

Tnofenddeluussmaiu Mao et al. (2022) Idvhmsfudoyauafivnisoniadoud
2013-2019 Wevhmslinsgiagyiuemadsuulamadiveing q Ssnsnuninmoany
ANNANNTAVBUUTIADY WRF/CMAQ Tunisdnaesuaiunisoinialulseimaiulussezeny
wazlitoyaiBsdndmiunisesnuuunagnsmsmuaumsUdesfinefiiiussdnanimyssine
Judnine warlidnvaneauide AdnsfnwiAeatunsaianisal PM 2.5 lunansUseine
Tnglduuudranmadinaans doaanisainisiia PM 2.5 lusuan

TulémTu Doreswamy et al. (2020) Ifiaus 91uTdBLA vatvuUUTIABINNTITOUS
Machine Learning \fie3ins1evinafivniseinie Ingindayaainluanidngiseinialdniu
Fu 76 anil U 2555 fis 2560 laeldwmilinesassngu fe deyaamsuasdeyaniudiy
e ussad U RsIsTueTansety Tasuuuiaeamartuansavenldinn
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wuudnaedanlunsiweyseansam wazasulainuuuinass Gradient boosting regressor
TUszAnsnmangn lagvinisussdiuysednSn1meadhuudnasd Men1sAuIuNIeaives

£
v A

M MAE, MSE, RMSE, way R

Tudsemadu Chen et al. (2022) w@usnsAnwinsulsiuamififiegaduteya PM
2.5 WuvaguVEsIINMsdInansainnafisukeznefuAy warnsUumsUdessadiy
Safufion1sainnisal PM 2.5 ¥eauuudiass WRF-Chem (Luudnassmuganiouine-iadl
szuunsneInsalaanIne1ne Wuszuun1sneInsalamnIneINIARUULAIRSY (realtime
forecast) @31 3 1) ldvinsnaasundounmnayide Ussinedu Tugaesnisseuinves
Covid-19 faust¥udl 21 uns1em f 20 fduau 2563 wan1539s nuinizeAnizal PM 2.5
#sunsUfulgstumsmseaouiouynil nsAnsivssdiuanududuues PM 2.5 Tagld
9ana3¥udu Random Forest NAN13ANYINUILUUTIABY WRF-Chem T¥in1sAianisel PM
2.5 fusiusBedudanansnagldum 36 v

Tudsemanmald Ju et al. (2021) lauensdnwinisiUasunlasuesafivniseine
Tugensiussezrianadinumdinisssuinees Covid-19 Tunma Tnensiiusiusiudeya
uafiuvnienAtisszezie 4 UiiuinsIusnan 446 anfinsaaianunimdunndenly
nmd dadssuiisududeyalutagdu warihluieseideyansadifdniunisiagly
LUsunsa SAS 21NNTANBINUTT 11RINISIUNISTANITUNINTEABVRY Covid-19 danafse
seAuLaTuNI99INIA 9nAanssufianas InonsAnwaiuludl PM 2.5, PM 10, NO,, uay
o Fudumfviiddyfumslindsmilugpamnis uasUFimunisemas Tammanasoesan
TugresvegaIM s iuseeenadny PM 2.5 anad 45.45%, PM 10 anad 35.56%, NO2 anad
17.33%, wag CO anad 17.33% U3HuN15351asuuauuuasnisuudsasisuylulyaanas
7.2% Wag 34.5% LLNUﬂ’]iﬁuWﬂ’]ﬂ Covid-19 ﬁ’liﬂiﬂiﬁg’a’mi’]ﬂi’lﬂlﬂéﬂ’]ilﬂgﬂuLLUaﬂﬁgﬂgu
Tugunisannisléidemds wasiaueuusdgmiuamsisaguduionnanuafivmsennie

TuvneAfiindde Benchrif et al. (2021) lauanisAnudviinnnineinia AQI uazaay
Wudures PM 25 kay NO, ¥9nau s¥ndtsnaznddenaidulu 21 et alan
WUnUdimans 16 woiniduau 6 wles eyfusennanssiuau 3 1iies audnisuau 2
dlowmazialaduau 10 e nansfnwnuinnndedidntugisienany dydaanimeinie
283 AQl anas 2-42% lagiilatoryaUanassngn (42%) uaziilewnunin anastauan (2%)
Aaandudu NO2 anas 3-58% lu 18 Wiles uslimsifuiuly 3 1ies Tiun 01991u (1%) Tn
WIN3 (3%) 1399 (10%) ANAUTUTUIDY PM 2.5 anad 46-60% lagiilaserynianadgagn
(42%) LLazLﬁaqmmmamaqﬁﬂq@ (29%)

Tudszinaiu Ni 2019) IiAnwuazshuneanuiduduves PM 2.5 lusserdu va9ne
InAs Uszmedu Tnelduatswuusiass (Multi-Source Data Mining) Tun1s3iasnzvi Tng
Dataset Aldlumshuvudasansiiesesinuduiusueanisin PM 2. 5 w9n deyans
munn (Teyagelening, sufeUimnaniruedslugfinie guvaiiedese mﬁmju
dunindiads mnudiaueds anuiiaugean uazdeyamundutuvesasnouaiivdug 49
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59U849 CO, NO,, SO, PM10) wazdayaluidvailife 3nn1sAnwinud Jadesng 9 Aunain
Toyanuenieningl A1ANSIaeas AYEduYes CO NO, PM10 uazAdiisa Unfs

AI a 1Y v

= N o v o sw Y v Aa £ o a ¢
GU']ﬂI“ULGUEJaiILWEJ; FAUNUTAUANULINVUYDY PM 2.5 Menaud llﬂ']ﬁ':lLﬂiWSVILWNLWNW']EJGQWSU@%a

4

o

Bigdata 1me19" Back Propagation Neural Network (BPNN) wu7 1 T8 Hv191ula é nan
(Performs) Tuaruduiusueyaiayaannuuuinasaunsunal Autoregressive Integrated
Moving Average (hereinafter referred to as ARIMA) Time-Series Qﬂﬁwﬂﬁfﬂﬁaﬁﬁmmi
v PM 2.5 luaynsunanssezdu wuin wadwsiimamsaiegdetudeyafiivan

TuvueiBnsau Mehdipour et al. (2018) lfiauauuvusiasafioviunsanuiduduras
PM 2.5 3 wuud1ae9 Ao Decision tree (DT), Support vector machine (SVM) lay Bayesian
network (BN) laesiusiudeyadunaaulfnsedu (unsiau 2013 fwnsiau 2016) il
Tlunsiamiuuudass Famnaimeidsnseuaguianusgnieningwazauituduves
arsieiivansvdaduiviuneiidululdues PM 2.5 Tagazld PM 10, NO,, SO, wag O, iy
wsildlunsyhunenisifiares PM 2.5 1a9vis 3 wuus1ass 4931nn1sAnmn wuin SVM
wamuﬁﬁqm (Best Performing) mnainauain1suseiiiu

fiuszmmLal®e Mahanta et al. (2019) 1umsAnwiszansamvesuuudrassildlu
nsmansaieglunisaanisainanweiniaiieil (AQN Alvdeyatnduisdu Tnstueg
Audeyauaniviazaniouinetluilied Usemaduiae lagyinsinsizinisannssluyn
Toyauaznadnd ilevmindadensgnieninerdwaniont AQ wndulnuuagdauuunis
vhungagivsgloniifioslalunsnsmensalnaunimeinia dsanmmaaeulszlonivesia
wuumsanaeeiifieglulausnd imneardviinuninerniaanluedn deuuudiassdlngd
Ausiugis 85% Tnsuuudiassiifinuusiugigsanie Extra Trees Regression Model 39
W8AINI wUUTIEewana 1 Asutdfivselevilunisvindudvhue

Tudseinaau Li et al, (2014) Sslavhnisine PM 2.5 wavaafiwiiiendos fie SO,, NO,,
PM 10, CO, ua O; 393ias1eilneleismsani wasiinisadrauuusiansnisanneefiunnaig
fugeuuy ilevnamnuariladoves PM 2.5 Tnelddayadouniul 1 unsiau s 26 Favnau
2013 &sl#191n Wuhan Environmental wan1idenuinendudsydnsavduiusves PM 2.5
wareMAvndus (SO, NO, PM 10, CO) fifannnin 0.7 fenansnuduiusidadudd
ffodny wazuuudiasimsanassliiumsfigaiudrindmuusuduaziidoto

dniludszmelng Amnuaylojaroen, (2022) livimsfinwvesnsiasuudasadsivglu
fufiruvnlunmamideresussmelng amufuarausuLTIReINTIEUIRTasINDNATLAN
saamgiiduoyna lasiameduazooswaidn (PM 2.5) WWdtulugianad Wosanms
Funn PM 2.5 1Juldegnedida nsdnuniFddduuusiassnisannesidadunateinys
(Applied A Multivariate Linear Regression Model) il avinuneainaduduves PM 2.5 Tud
n.A. 2563 lngldauanidauadvedarestasy (AOD) Wdiwesandenive1veinnusias
RRIVREY warAUTUALTINS wazfneuafiy 1y SO, NO,, CO uay O anmstaniafiuiu 3
e 1dun Feodluyd, g1unsuaviny lumamievesusemelng TlumsAnunildsuuunig
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anneeIBadunviuls 2 i Tnsuuudiassil 1 idunuudaesifmfinessugnieninen
YDIANUANTIUAIVDIAL 083808 (AOD) gl ALALEITS uazeIEan alU Model
2 Usgnaumennidweiandeninguazansuaivluitevaieviia 1y SO, NO,, CO wag
05 Tnelddayasedalusand wa. 2563 ludawiaiug ssyanuidutuves PM 2.5 1¢oens
HEaNDINHANTIATIZE NUdn UssAnsnmueanuuiiaesd 2 Wunafisenisiuieainy
Gt PM 2.5 Adedl (R? = 0.52) wagd1una (R? = 0.60) lnauuusiassii 2 anansaviune
arudiudunes PM 2.5 Iéiangrunarqauiadedisuiuwuudiansd 1 ogdlsfinng Safimnm
Liutueureauuiiaes Fesngrudmiunsfnwisely Tul wa. 2563 FallenAdely
N3N NUMIUAT Kanchanasuta et al. (2020) 19 vay asanan1iddnnaunineinialy
NAMNLMIUAT WlDTATIZININTEANBVRS PM 2.5 Uag PM 10 Tuuiinaginafiunnsei
Tnelilneldmadianmseadn wnunmingosiuls uasileifunnutasduwuuaessulsuuy
fidouly (Bivariate Polar Plot wag Conditional Bivariate Probability Function) & snan1s@nwn
wuin gafidadsanidngiata PM 2.5 Aegluuiinasuoun ssdar PM 25 geandngady
Wudeaununoumthil

Tutssimannal@e Sobri et al. (2021) n1sAnwiuanadnuazsUiuuresautudy
PM 2.5 AR endasiuani 7 wis lulssmesnade aaeiadia 7+ loun asusueuonles,
Tolou, dawleslneanlad, lulnsiaulaeenles, Anudy, gaunad, uay Ausiau Tunis
U1y PM 2.5 unazaniid 19385 Multiple Linear Regression (MLR) wag Artificial Neural
Networks (ANN) Tneszansninaes MLR waz ANN viedeq gniUsgufigulaedaann R2 uay
Mean Square Error (MSE) 1ai mansanennuin ANN vienlddndn MLR Tnefldnduuszans
mM3n51ain (R) gauazmsinAinnuiiemaiasinin MLR

Wt SafinssruTeiseildis Machine Learning lumsviuneamnndaduves PM
2.5 luUsgiwmanniade Palanichamy et al. (2021) #2835613 9 Tnvouiuna3Tof dum
Fausid 2017 857 2021 Fesrusanlnomidadaaudsndgn 5 5 18 1. 9uAdefld Machine
learning 2. 33nsvinsisedidentd 3. amuﬁﬁ;ﬁ%’mﬁaﬂ%’ 4. 3nsianadidentd lawn
RMSE, MSE, MAE, wag R? 5. US¥a715 1M U7 989898an059L 35015338989 machine
learning Afealannfigalunisiuieaanudutuves PM 2.5 Fesmuddunnnnlides
161n Deep leaming, neutral network, dedision tree, regression Wag support vector wilsluauidei
uneudvmsAnmAsmsvhweaIrmduures PM 2.5 ludssmaduiios o3 suan
581374 Gradient Boosting wag Decision Tree dsvilsisosiudoyasiuuannlagldusum
anusiisadndosuaziinnunadilunisussiiana §935msvhuwsnuurausana e
WSeunieuiuissus leun Gradient Boosting waz Decision Tree Way Regression WUNT1
A3nsviunesuuunaldnadnsinnia Inglwan Root Mean Square Error wag @1 Mean
Absolute Error ﬁﬁ?ﬁﬁlqm
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Tutsemau Yin et al. (2021) dvioafeiuansdnisvusanududusedilumes
A1 PM 2.5 $7835 Novel Multi-Step Forecasting Method &4l4f 2 §ane37iu 1éun Modified
Adaboost.RT Wag Gradient Boosting T1un15%1 Extreme Learning Machine (ELM) Wie
nensaien PM 2.5 anuiifidonldlusuided Ae 4 Weduussnadu léun dnfs Bodld
18U uaznnslen Feeglunmamile manziusen manansuaznelivesUsEIATUMMAG
PMNKAIUI TNV Gradient Boosting T naa ws 1nn15vinuiela #ini Modified Adaboost.RT
Tuaunnnsalfine

Tutsemmansdgoindng Mahmud et al. (2022) suilsadulufinsaanisail uazeas
(PM 2.5) gfinnn Paso Del Norte vasamnsgetaini TnsnslddanasfiunisiSeuiveansos
(Supervised Machine Learning Algorithms) m&ﬂéfﬂ’]i@uaﬁumsmﬁ’u Taudamun1sannsy
uayMISuunUsELaY Wlamansaien PM 2.5 1efusgiauiug ddldmudsenionineuay
anmeinAananinauveInuynsINSMIAMNWAIAdeuiainda Tud 2014 -
2019 Tagyuuudiassianun 6 3in lnsxadnsuansliiiuii random forest anunsn
nensaideyadanuuiugn 92% SuhanldffiannnuuusassnisSeuvmun

TulsgimAual@e Palanichamy et al. (2022) dslavihwuudnass ML dusuniswennsal
arunduduves PM 2.5 dsumansanasulugadoyanuninennmavesinaide sl 2017
fiv 2018 yadoyalasunisuszuianaamiilaenisdedoyawaznszuiunisvintidu
1 n3gIu antu gndeliidugatoyad ddadeduaniuiinazinalunssuiunisuen
AN (Feature Extraction Process) yndoyagndeurdiluludusnussian ML #lé5u
nN1IQLa 3 1 @ 9Us¥nouRa8 Random Forest (RF), Artificial Neural Network (ANN) LLag
Long Short-Term Memory (LSTM) mﬂﬁy'uﬁﬂmiﬂimﬁuwaLU?EJULﬂ&JULﬁaiquwuﬁwamﬁﬁ
figadmiunisaianisal PM 2.5 fiusiugh sa1nnan1smadeunuin Random Forest (RF)
frnuusiughitgn Sovay 97.7 Tunisaanisal PM 2.5

Tudszinadu Pan (2018) lalydanaIfin XGBoost (Extreme Gradient Boosting) Wi
vhursanaududuves PM 2.5 1edalus deyanisinnununmennialuideadiouiu veq
Uszimadu 14 ¥unisTiasedilaglddanasfiu XGBoost uonantiu 35 XGBoost §agn
LS BULM 8UN U Random Forest Algorithm, Multiple Linear Regression, Decision Tree
Regression And Support Vector Machines isaasudnsunuuiiaesnisanaeslngldnanis
funns Tnenan1sAnymud Sanesfiu XGBoost fUsvansnmmienin3inisdue

wall §aiidnmainnatesuisy (Guo et al, 2023; Yu et al, 2023) 7 wanslafifiugi
Gradient Boosting t{unuudiassfianunsaneinsaludonanisal PM 2.5 leusiugunndigalu
U
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25 ﬁiqUNﬁﬂ’ﬁVI‘UVI’Ju’JiimﬂiiﬁJ

agUmsnumuaaise wuin JywilngSemilwesussmalnelutlagtudetymdu Pm
2.5 Fsanwmdrundlsiapnmsenasindn Tnslenzedads ngummamuns Aaasusuidiesd
iaaﬂﬁqmluiaﬂnﬂﬂ (Pishue and Trepanier, 2021; Tomtom Traffic Index, 2021)

unseate ful wa. 2562 fifin1sszuinvedlsa Covid-19 Tuilan dewalsigunuunns
fuiuFinvesruasundasiy fins Lockdown Traueguslunts Seuseulay Work from
home FadwwansznuseiAsugiafulsniig wazidedanssuiiduunfivesgrugndrin dawa
TnsiAums (Travel trip) andfesadluagann uaziinisiuasusuuuunsifuns (Mode
Choice) agnaiuladalunansuseina (Cui et al., 2021; Hasselwander et al., 2021; Kénig
and Drepler, 2021)

Tutaa 2-3 I msszuinlugaes Covid-19 viliRanssuvesysdanasegamn
Turauzidsundonlnesananunsaliudalédng (Dassupta and Srikanth, 2020; Venter et al,
2020) Aoy {3985 eldAsuInaAn PM 2.5 uaruafinislugianaridiioaanisal
anumsaflusuaniioradsunvastadendniinlian PM 2.5

MRl wud msdidures PM 2.5 astuegifutiadedl
Aeadestoninia PM 2.5 fafulsiensinudoyagaionine uasdeyaasusenauuatiy
yamasng 1 Sududlafefinelian PV 2.5 fisdu sauluis ggma (u deu) aaalu
souiu (vu) Afeailosedrmanidedaild wasnginssuvesyudfdsmaromudutures
PM 2.5 Wuliisdifu Fslutszimelne sz PM 2.5 finmsnsganesmuggnia Tnsanudaudu
vosunfivazgegnluraanguas (naAlnieu-fiuiew) uazanaslungiuuasngiou

il 91nnsnuuasInssufiAeadesiunisaianisal PM 2.5 Visludaunes Model
THlunsaanisal 3msdndunuide mafvnundoyaliiltdeyalunside Vs
3o uaznadwsildluedn fidanunsnasunuaziBendwmng 2.8

Msmansaluafivmsememlanidunszuiumsiifosimunsgiseiiles uasiniside
wareuiidamudesdogdlnddaieliasauilafidndaiesunansenuvoamadiv
s masedIndenuaziyud Taglusinnisaianisal PM 2.5 agthdeyau3una PM 2.5
Tugasnandeunti 1wy 7 funse 30 Yu WielilddeyausziAuazuunltuindounazan
Ainszsiedsheriunaiidyatoyany unseisunsiuldvhmsfnuaglduuuiasmis
afdvdemaiiamsdouvouaioufioruanisaansal PM 2.5 Tuounan Tnguuudiasse
wiandaglideyauiuna PM 2.5 Jagtulunisvhuieninia PM 2.5 lusuian quandsly
ety Busimsmanisal PM 2.5 suanidfudeyaandandsdu 9 sawse wu anmenne
U3904, NMINTEUVRIRAY, waztlaseau 9 delvtianuuaiuglunsyuneuniy Wednns
fiaumameluladiigaiu nsvuuuasdduiiagtusisdininiuuudiassiiunain Machine
Learning Whanldlunsiesizsinazsinunenisiia PM 2.5 1ndetu Tneriladedadefiduase
133918909 PM 2.5 1u nwaiznisivavesay gamgll ey wagniswnlvgl uarld
foyatidomarilusuudians AdinanisAnuiusiugn
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Msfninun dsftagulilune 2.8 faiidedidauazdoriiwosnunuids Tubes
yndoyanuli3ds Tasnuideiiinalideya (Dataset) foundwosudaziui Tugaaian
Unf (Normal Situation) wagwuinauidsusanligndeyalutnamfiduiuniiosiums
Wasuwaswesdeyasugnloniveuazdeyasunafivnisernialunmniig wagusiinass
n1sdvuIIaemeadaransunldlunisiesizvuazaianisalnisiia PM 2.5 o819
unsnanealan usfludsemealne dalifinnsihuvusiassmsadamansuldlunisdnuide
Tuguil waendaninmsundszuines Covid-19 viiodndutisaniumsnifilaiund (Back
Swan Situation) SalaifsuAdeRyadeyasuenieninguazdoyasuuaiuniseinie
thandiesgimuuuiassiidigaildlunisieszsininnisal PM 2.5 segadeyaiiuansng
fu BddusmAdetuil §iduazlidoya (Dataset) fugniouineuasdeyaduuafivmasinie
foundslungauvmumunas sisluaamunisaiun@ (Normal Situation) uazlddoya (Dataset)
Slofinsunsszu1aves Covid-19 smaaeuLUUTaDd

¥ b4

agalsfinnn i YesinenAdeludiuiduygadeyadugneninewazdoyasu

wafien1ee N Adounas (Historical Data) faldrnafiauAdemivasnainig o (Time) sy
Jadelumsiiesgianuududivatiuudnaes wWu Jeyalurisieu (Month) Yeyaluyiaiy
(Day) wazdoyaluusiazdalas (Hour) Wusiu lunuidetl fidedniiondeyaduna il
AuUs (Feature) lumshueuuudnaessiueie

MNMINUMUITIINIBILarAnwILATeneiinsddiuns giseTahmsieneii
wuuassiuadamansvialaiiazarunsaiiunenisiia PM 2.5 :rnmsldyadoyasu
anfouinguastoyadunafivnisoniadeundy (Historical Data) lungammamiuas vilu
an1unsaiun® (Normal Situation) Wae Wafin1sunsszuinves Covid-19 Ifuaiudian was
asneuafivyialafidsnasionisiin PM 2.5 nFeufuiiendoyadiunanlfiduiuys
(Feature) lumsviuneuuudiass lemuvudassfianunsasinnensiia PM 2.5 Tfusiug
unitgalunnaniunisnl
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71319 2.8 a3UN15NUNILUIRBNLITUNIIAIANITAI PM 2.5 Tutdeiisiuin

wuuinaas (Model) Uaya Aaus
I Machine Learning Model A15UaNEN190INA Joyanuaniiening,
©
& © | 5 b
= _8 o 2 . <C
£ = a ] o O )
2 Ol & & 5 U
whee [ S 8(3 8 8 88| g 5 £ e hud
LbAG919943 S _8 2l o Ei)n ﬁ g,, $1u3u [d1572] unas § 3 | . é é 2| € ;§ ) ANULLUUYN
O =1 I = vl I~ o U o B :n‘?g(\‘\—loXNOOm(S‘ON\SSggy(D;(G U
2 215 5|88 9 o anudnl (U | v0ya & @ | =220 2|9|0|R|2| 2| 5| 5| €|
Y x|« O Q4| © Gl a | & Sl E| & 2|3
2 | Bl gl 2| S| D& f.f1.) S| = £ &
< g <l 5 €l ol = c & «
5 £ 2 Z| e ke
o - | Q| ¢ kG
c o i o
5 G} X
GIS, Land use
Tunno et al. ] )
v regression (LUR) | 42 |2014 [aLusn v v v -
(2018)
models
Gradient
Booting
Doreswamy et 2012-|, . o 4
v VIV I VI V|V 76 TawTu VIV VI VI VI V| V|V AR ARARAR regression 4AIU
al. (2020) 2017 o
wiugdige
R? = 0.9336
Mehdipour et Bayesian network] 9 |2013-|. |, ;
v UINU v v |V VIV IV VI VI V| V|V BN (R%) = 0.89276
al. (2018) (BN) 2016
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wuuinaas (Model) Uaya
g Machine Learning Model H15UANYN9DINA inugntuaIngn
&
T @ | 5 &
= 0 o A <
F=e! 3l a2l s J
S = ol O 9 o ~
. S ¢ el 2l 8l 512 Ui s | e
1 a —_ hadt hadt o g 1 o
wndsd1eds [ > o1 B O ) s gl ¢ . d529 = 2l al 2| E[°E| . AU
s 9 o + | € = v on U s k|0l o P ol ol 2| & & &2 U
i Y = 8 7 %) on o s] (?J =2 2 o — ) v O (@) NN Ee) o g = g NG s]
o & ol 5| 8| | ¢ o °5“3P§§zozuomza$acav§
Y on| &= O Q| o o] &Pl a | o S| & | =
2 - |8 gl 2| D E f.f1.) €| = = =
o Q| | 5| €l | = c o =
5= Tl gl < S
o - | Q| ¢ kG
c [o's = O
3 (G) X
XGBoost (R?) =
0.9520, Random
Forest (R?) =
0.9426, Multiple
Pan (2018) v v 2016 v SOs  |Linear Regression
(R?) = 0.9234,
Decision Tree
Regression (R?) =
0.8922
Back Propagation
Neural Network
Ni (2019) (hereinafter 2014 v -
referred to as
BPNN),
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HUUINABY (Model) fanus
v Machine Learning Model F15UaNEN19DINA inugnil
g -
T @ .| & o
= 0 o A <
= O ) n 5 o
= S 0 ] o
s ° Ol a| (|G . - < | o
' a —_ on ' o
wiaededs | ~ 9| Z| 9| S| | 2| 8 . I wae |2 S 2| 5 S |2 AUUIUEN
S 2| o|lw|lc|ll ¢ = 34 a0 S 2|lwv|lol| o J & & B €|l.a
S vl 9| S| | @ 9 ‘] 5 2 S|lalz|d qlolo] ol SIS 2| & 2%
2 o = 8l 5| 9| o o UBUA = 2| S| = Ol =z| o] O 2| = & | =
o Q@ [J) o ] = [0} o) U ol Bl e = 0w Z = S C |32
Y ~ on| o O Q| o 0] = o 3 =2
T sl2le|lo| & 2| F | ® &l &
| *| ol & T =2 e &l e
T 5 212 s e}
o — c| Q| ¥ kG
c o o O
3 O X
Artificial
Sobri et al. Neural - 5
LAY v ANN (avg. R?) =
(2021) Networks
0.7658
(ANN)
extreme WRF-Chem (R?) =
Yin et al. ¥ learning = 0.4489, Linear
U
(2021) machine regression (R?) =
(ELM) 0.3983,
Random forest
Mahmud et al. oV e io A
v FVSZOLNIN V|V AL AFAN
(2022)
92%.

M1519 2.8 (M)
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wuudnaas (Model) Toaya fuus
o Machine Learning Model A151aNYN199INA Jayanugnlieuingd
T
T O .| B £
> 0 0 <C
£ 0o gl al 5 (©)
S = ol O 3 = s
= c|_| & T &5l : U = | e
wigsdnds | ~ S| 3| ¥ | »| 2| 3 |, : -z = = <.z AL
el B2 B Y I v I ; | s | 2 3 &l 2| al 15| 4
S ol Sl w|lE| =L dug annil S B2 3 x o ol 0| & & &2 Bug
G 5| =2 9| B 2f o ¢ @ 3 =219 Z2|o|lS8le|Q|glalolx| el s c|’S
5 5 g1 7|2l g iy Yoy < g == Olz|0|O|&R|lz|z=z2| s E |2
g 2| gl el 8|8 9 i &Gla|al® gl el 2| g8
A EE E R o)
8| * || E|la| =] €| &
s £ ol L] c o
g 4 5| Tl x @
c x| @ O
3 (G] s
artificial Random forest
Palanichamy et neural 2017- - ANUUEAaAT
v v UL VI VvV |V |V |V ]|V |V VI Vv V]|V |V
al. (2022) network 2018 97.7%, ANN =
(ANN) 61.14%,
Amnuaylojaroen )
v 2020 e VI VIV |V |V |V ]|V VI VIV |V ]|V |V R =0.60
(2022)
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25n15AL1UN15398 (Methodology)

Tun1sfinudinsevinginssuresamamanduduves PM 2.5 fvdsuulasiunaanlusie
w.A. 2558 - 2564 wazihlugmsuszgndlduuuiiasssadnmandiiionsinsal PM 2.5 Tu
pwIAnty Bunmsduaneiyaaindeyalvieglussdouiuuuny uarlinmesifmginssud
Wasuwlaslufedased i sades sTadaneinsaldn PM 2.5 l engfinssuves PM 2.5
Wasuwlasly szdmansenusenisiiuvuiiaesdivanzanivaaiunsaidaguul uldle
videlal vhefignAenismriuuudiaedaiiaznganiinsirluinneiiond PM 2.5 Tu
ouan whsinanuniseiildmeiluiidmwases PM 2.5 luiaaaiu o

3.1 YUADUNITWRAIUILUUINADY

Y v

Tumsdfiumsideifituneunisdifiunuise lneisuannsnusmdeya (Collecting
data) AugalleainguazaaiivniseMadaunas n1stileyaidngnIzuIunInTIvEeuLaY
drsaafioyailioadiu (Data Exploration) fviuneutianifumsiinseideyafisnunounini
Toyalulivderhluinmgiidedn uazvhnsdmwioudeya (Data Preparation) Lledias1zsi
falaseairansimnssuvesdoya nmsiUasusudeya dmsumisunsyadoyaiidi svuu
$raowiold dsntu ileldyadeyadivmunyay (fit) sonisindiuuudiasauda agvnig
Aeseitoyadeuuudianeis 6 uwudaes fio 1) Ridge Model 2) Decision Tree Model 3)
Random Forest Model 4) Gradient Boosting Model 5) K-neighbor Model hag 6) MLP
Regressor Model suanunisaifidasmansiu Tasduseuaavinedide sxvhnsuseifiume
wuuUdaes (Model Evaluation) sedsnsildusgraunsnaneslunuidode R2 RMSE uaz
MAPE Tnefnmainvestunsunisdiiiuanuidosanin 3.1 uasmeandennisiiuniside
o &
fadl



n13353Us7UYaya (Data Collection)

o
o

NsANUATeInYAYaLa (Data Cleansing)
n153anauyaveya (Data Grouping)

a4

NITUUNIATREDULATAN Tty ALl asiu (Data Exploration)

O
O
O

NTWERINANISEDH (Descriptive Statistics)
n1snTRARUANLENTUSYBIYATaYa (Correlation)
N1TIATIERIURUNTUIAIYRBYa (Time-series analysis)

9

n159naLn3eutaya (Data Preparation)

O O 0O

n159nlasIaseveyadeya (Feature Engineering)
mﬁLLUa\T’i’Ta;JUa (Data Transformation)

n1sARLaDNFILUS (Feature Selection)

miLLﬁﬂd’ausﬁamﬁ (Data Spilt (train set, test set, testout set))

a2

N1SNAGABULUUINEBY (Modeling)

O OO0 O0OO0Oo

Decision Tree Model
Gradient Boosting Model
K-neighbor Model

MLP Regressor Model
Random Forest Model

Ridge Model

A 2

N159ARaUSLANSAIN VDL UUINEaae (Model Evaluation)

O
O
O

R2
RMSE
MAPE

AN 3.1 ATNTIUVDITUNDUNITALUIIUINY

56
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3.2 NM13579U5Yaya (Data Collection)

Mnyatoyagaioyineluiiuiifnw wui wan1mmmeing mnandenein gruiualy
SULUUTI8a139 LAYTIBNUNARLAINIATEIY WU PM 2.5 1AuAmAg 1 92lus uazthenan
wdedudnade 24 Falus Weufuamnsgiu

FBnsnsainnuieisnsluninfuiedadulunuinasgiumes Federal Equivalent
Method (FEM) a3l 9ad n15W97 94 swrnd auuvisuszinaanigeiu3ni (United States
Environmental Protection Agency, US EPA) nvium

Tnelddoyagniouinetsaud Yuil 1 unsAu 2558 — 31 fuAu 2564 (foun1sszun
Y84 Covid-19 = 1 UNFIAY 2558 - 24 FuAw 2563 wazdmiuyia Covid-19 = 25 JuAy
2563 - 31 §uAN 2564) Yail TnTHANIIATIITAAINIAT e IRAMAIME A a1 @nteng
9 9zgnuUtennidu 2 nau Ao 1) nauyedeyagaiienine uay 2) nquyatoyanuNaiyNg
011 lneflseanBondel

3.2.1 yadayanuanieuingn

1) aasau (WS, Wind Speed)
AuL3IaY (Wind speed) aziadousiinnanunmeiniagsludannususii g
1M adasuulasesgamnll mnuiauannsaiameneudlufines
(Anemometer) AU IAUANNARDAVINAINITAVDINITNEINTAIDINF

2)  #iFinsay (WD, Wind Direction)
nsiafianvanazinauiiaduiie lnewusldidu 4 fandn Jszneuldsae
fienile firnviusen eld wasiianzTunn uwazarunsoudsgauaslulage 32
firt uilaeviluagltud 8 fa 16 i

3) gaumngil (Temp)
oumgdl fie AefsUSinaeuounazUSinamnudu viesziuvesnuiou
vidoseiuanuburesing Alsnnsdurs
annsninszdundeutasegunsdiifonin weslufimed Tnswiaenisia
filesldunnigndo ssrwadea (° O) wadu (K) wasvisuled C F) Taodau
Tnaniseaiuagldlumainermansiundn

4) ANUNADINIA
ANUNABINTA (Atmospheric pressure) 150 AINAUUTIEINA LTuAINAY
meldtuussenialan Tnsunfinnunaeinimazdaianiiossduniugs
ﬁuamﬁﬂszmmﬁwﬁu

5) maqm%ué’uﬁwé (RH9%, Relative Humidity)
A8 (Humidity) Ae Usmmlammaaiummﬁ AT uresNIAdinng
Wasuuadlnemann aztosviountusgiugnmnduaraudu
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3.2.2 Yadayassuanen1eeInIe
lngyadayaaisuanyniseInie lanandeyadsidamnimeinia nean1sinnis

=) a = a v dy
ANINBINTIALASLEAYI NIUAIUANNANY (2564) lneiiswazidun fadl

1)

PM 2.5 duavepsuuaantiiu 2.5 luasew (PM 2.5)
Auazeosvunadusitugud nandliiiuving 25 luaseu Fafnannsiunian
MINEAT MIHLIINEUNTLE NTEUUMTERaYNTSY wagl awnsawng
sruumaiumelalding dwavhliasisanietussuumaiumela

Fuveny (Course Particle) (PM 10)

A uazessvuiadus uaug natslaiiy 10 luaseu 1Annmsenlud las
nsvUIuMIRamNIIL Mawtiviidomds siemeiiliifunsnmsneatig
AWANTENUADFUNNHAZITUUN AT

Tulpsiaueanlas (NOy)

NOy vise lasiausenlasidufwd ainannsunindivendeamdmeada Tnedl
soeudildes eudmigaduiansddniinelifauadiu wWewinnswli
iy ol

Tulnsauleeenlan (NO,)

Arelulmsiaulaeenlas (NO,) Wufeiilifinduuazd Tegvilulusssumd wae

Y
a

UNEIUANIINNIINIEYINTBIYLE 191 M LT BmMERINgRamnIsuuR

¥iia Awiliinaseszuunsuasiutarssuuadumela

lunsneanlas (NO)

Aalupsnoanlas (NO) WuRwnliindulazd Teevlulusssusdnuluusuna

Wewn31 0.5 ppm. dnaandivhuviaaula

ANsusuLauanles (CO)

o ¢ I3 o™ =~ & a vav

Awas uaulauantyn (CO) lifindu & wazsa Wwen2ldiinainniseilugd 7 b
¢ & e ey ¢ o | v o a o

anysalveadamdiimvsududnmlseney anseduivglilnaduluben

Plnlseans mwlunsadeseanTauanad

Tolau (O3)

fnalolyu (Os) 18 Hnduqu wazazansiilatudntes Aaleleuiiiluans

wanwn19e1n1afaf1glalauMminainuisenseninaiigesnlanves

lulpsiuuazansusenaudunsd Jadamansenuidesagunin

lnedayadierunlaunannsumuaNsaity wagddndwinaey NJENNamuAT Ivavue

2.3 sudeya Iuviedeyaiiugnlening LavteyauaiiunieeIna Aumanaiimun A

wanalunisne 3.1 viadl fegayadeua Dataset Mldlun1sAnwn faniw 3.2
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o o . - FBUANINUA (107)
NU1YDVDUA UIUEALY L
¢ (Un.A. 2558-2564)
NIUATUANNANY 13 787,550
ei’ﬂn?ieumé’amnymwumuﬂs 50 1,516,342
719940 63 2,303,892

Nu1: nsuAIUANNATY (2564)

ML algorithms with

Data Source

Data Exploration

tuning hyper

parameters

Model evaluation with

Data and Time ANOVA-Test Decision Tree

Gas Pollutants

Correlation & Time
Series Analysis

Metrological data K-nearest neighbor
Multi layer perception

Random Forest

Ridge regression

Gradient boosting

cross validation

MSE

RMSE

MAE

A 3.2 Meg1ayaveya Dataset Mildlun1sAnw

INTaYANI 2.3 S1uye ekustayanuanlnyaianinuvmuviuas nuilateya

(%
Y

PIUUA P91

M1514 3.2 asuiuuyadeyauensganil

, AU 4 . 7 Location MU
MiBY i Yoamilngadn (Location) .
i Latitude | Longtitude |Uaya (4a7)
naweuANNafiy | 1 |(020) ivmivienderesigu s 1004893 | 1373286 | 61,368
WINSEEN WIRSTYIR lWRsuys, N3y
nauAUANLANY | 2 |(03t) SuauWMIEImNeIaY 3902 1004153 | 1363742 | 18960
SUOUUMYNALEN LAUILTIEY,
NFANN
naweuANNafiy | 3 |(03) inmiviendenei Ui 1004153 | 1363742 | 42,408
WINSEeN Wiseysa lWasuys, gy
nsuAIUANNaNY | 4 |(05t) NTURRHELIVINUN WU 1006066 | 1366615 | 61,368
WUFIUNUY, NN
nsumUALLATY | 5 |(100) IevsyauAaDdl WnsRaRsdL lwm | 1006451 | 1377981 | 61,368
VNN, NTVINY




M1519 3.2 (AD)
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, anu 4 - o Location MU
YU o YoenUNTIIN (Location) o
i Uaya (ua)
nsuAIUAKaTY | 6 [(110) NSLAVEYNIUIIEYIN WURALLAY 100.5687 | 13.77681 61,368
URRLLAY, NN
nsumuAsaity | 7 (120 TsaSeuuwisine wnwemrs wn | n/a n/a 61,368
PIUWTN, NTANW
naueuAuaiy | 8 |(500) lsmenunagunansal Suauuwsesy | 1005409 | 13.74517 61,368
4 waUnaTY, NN
nsuAuAsiaiy | 9 (520 nslwiingessuys Sueuudums- 1004874 | 1372857 | 61,368
WYINY WURBWYS, NFINNY
nsuAUANIARY | 10 |(531) aanilisisunsunalyrde Sunuu 100.595 13.79604 61,368
AN LR TBIMAN, NFAVN
nsuAIUANNaY | 11 (540 MSIANYYLTUAULAY UL n/a n/a 61,368
AULAY LURRLLAY, NN
nauPUANNaNY | 12 |(590) nsusvrnduius uvaamgin 1005395 | 13.78311 61,368
RNEYILY, NFINN
naueuAuaiy | 13 (610 lsaSeuuiumsian @i donad) 1005134 | 137574 61,368
WUIIWAUNGN LUFTIINDIVANS, NTINI]
dminduandey | 14 | Aeewy 1005087 | 13.71977 | 32,904
NNy,
dinduandey | 15 | Aaoswmam 100.7045 | 13.8602 32,904
NN,
dminduandey | 16 | Aaouse 1005838 | 13.7085 33,000
NN,
dindundey | 17 | duwem 1006869 | 13.81396 | 32,904
NN,
difndunnden | 18 | agdns 1005759 | 1384015 | 33,000
NN,
dminduandey | 19 |vemes 1004837 | 1367752 | 33,320
AN,
dnindwnndey | 20 |nowdles 100595 | 1391087 | 34,344
AN,
dindunnden | 21 |ndn 1005208 | 13.77675 | 32904
AN,
dinduanden | 22 |wAsdu 1004268 | 13.78083 | 32,904
AN,




1519 3.2 (AD)
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, anu 4 - o Location MU
KUY o YREN1UNTIAIN (Location) v
i Uaya (ua)
dindwonden | 23 [viTaun 1003551 | 1374612 | 32,904
NN,
dnindanndey | 24 UG 100.4966 | 13.65101 32,928
NN.
dindsanden | 25 SUYS 1004847 | 1370523 | 32,904
NN.
deindanndey | 26 |unanenties 1004856 | 1375822 | 32,928
NN.
dninduneden | 27 |uwnenlug 1004739 | 1372893 | 32,594
NN.
dindanden | 28 |uined 1006476 | 13.76641 33,000
NN.
defndanndey | 29 UNYUTIEY 100.4358 | 13.66045 32904
NN.
dindanden | 30 |[usneuvey 100.5028 | 1369305 | 31,440
AN,
dindaanden | 31 |[ude 100538 | 1380955 | 32,928
AN,
dindaanden | 32 |uvan 100.6361 | 13.66831 32,905
AN,
dindanden | 33 |uueu 1004247 | 1367362 | 32,904
AN,
dindanden | 38 |[uandn 100.5055 | 1379374 | 32,904
AN,
dindandan | 35 |uesn 100.527 13.7282 32,903
AN,
dindanden | 36 |[visau 1006413 | 1385086 | 32,904
NN.
dindaanden | 37 [vua 100.3843 13.6864 32,904
NN.
dinduneden | 38 |Tuu 100.6695 | 13.78535 | 32904
NN.
dindannden | 39 |Uyuiy 1005284 | 1373317 | 32904
NN.




1519 3.2 (AD)
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, anu 4 - o Location MU
KUY o YREN1UNTIAIN (Location) v
i Uaya (ua)
dindanden | 40 |[Useoe 1006483 | 1369602 | 32,915
NN,
dindanden | 41 |[Jeuus 1005143 | 13.75657 8,760
NN.
dindanndey | 42 Jeuusudngving 1005143 | 13.75657 24,144
NN.
dnindunedey | 43 |weiln 1005337 | 1378165 | 32928
NN.
dnindanden | 44 [wszuas 1004993 | 1376402 | 32,928
NN.
dnindunedey | 45 |Bwsey 1004536 | 1371847 | 32904
NN.
dindunndon | 46 |Tuyd 100732 | 1381344 | 32904
NN.
dindaanden | 47 [emwm 100547 | 1367933 | 33,624
AN,
dindaanden | 48 |sowi 1005346 | 1375929 | 51,134
AN,
dindaanden | 49 |aansedl 100.7833 | 1372199 | 32,927
AN,
dindaanden | 50 [aemdm 100607 | 1380338 | 32,904
AN,
dindanden | 51 [Yweman 100.6224 | 1377905 | 32,904
AN,
dindaanden | 52 [Sann 100.3551 | 1374612 | 32,893
AN,
dindanden | 53 |anumans 100.652 137310 32,160
NN.
drindanden | 50 |azniug 100.6857 | 13.76868 | 35,175
NN.
dindanden | 55 |[duiusied 1005121 | 13.73683 32,904
NN.
dindwnden | 56 [aws 100.5264 | 13.70804 32,904
NN.
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, anu 4 - o Location MU
KUY o YREN1UNTIAIN (Location) v
i Uaya (ua)
dindanden | 57 |anglv 100.6603 | 13.8956 32,904
NN,
dindunden | 58 |wuewen 100.8620 | 13.85533 | 32,904
NN.
dmindanden | 59 |muewan 100.3431 | 1370538 | 32,903
NN.
dindanden | 60 |ndnd 1005793 | 1388734 | 32,904
NN.
dindaanden | 61 [Herns 1005795 | 1377651 | 32,903
NN.

3.2.3 mnsivdauniludeyaiiassiu (Data Cleansing)
nInsIvdeunilutoya (Editing and Cleaning) \unisnsivdeumnugnéieuas

anudulildvesdeya Fsdmualidoyanilumhunldldfidunnimsewiiu 0.01 @edld

< v v = v Y i Y a Y
Juav) wazusulsadeyanuiamely Insiordeyatilusneunasndwiadslunsaltoyavin

meluusdiu el JayausiasUssianinisnsiaaeusasunly Inelseavidundwelul

Tngvinnual PM 2.5 110031 985 ug/m? aggnaveeniy iflesandeidu Error

Y89U0Ya 1ABIINN1TYT histogram ¥8IA1 PM 2.5 WU1 A1 Max 989 PM 2.5 i1y 985
ug/m’ siauanslunin 3.3 luvugidoyaan PM 2.5 dA1daendn 0.01 azgnaveeaniy
WUty Wesaniewdu Error 9930159519 Rana0EnT97

Histogram of pm2.5

i Percentile 99.9 = 150

! Max=985

AN 3.3 119911 histogram U99A71 PM 2.5
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oglsfiny newhteyayaiSeusitnuudiaes azvhnisioteyadidaiinund
oon lagazfiansandeyaifidunnniner percentile # 99.9 1Wudeyaiiaund lagan PM 2.5
muualideyaiaun@iiA1uinndn 150 ug/m’, PM 10 Myualndeyaiiaun@iAiuinnil 212
ug/m?, NOy Muualvidayaraun@didi1u1nnia 337 ppb, NO, Avualideyaiaunfden
1NN 131 ppb, NO Amualideyaiiaun@idAuinndt 287 ppb, CO mMuualviveyarnuni
fiAunnan 4 ppm, ANEIAY MrualideyaRnUnATAININNTT 4 m/s, iemean ivuali
TayaraUNANAMINNTT 360 °C, aaungll Mnualvteyaraun@da1uinnia 45 °C, muna
o mualidoyafiaUnffinuinndt 1019 mBar, Avududuing fvualvidoyafinunid
AN 100% wazlelou Avualvdeyainun@dA1uinnin 137 ppb.

3.2.4 mansndeuniludoyailesdu (Data Cleansing)
oeslsfinny andeyadsdurionn 2.3 duteyn edoyadiugnieninet uas
foyanafivmeena Wevhnmansaaseuudleteyaidesiuasadouies vilindeyadoya
Fasfu (Data) franunsauiluldanlunsinseilutuneusely Taefideldvhnsudsadoya
ooniuiamun 2 ngu Ao 1) Jeyaanns way 2) Jeyanudidunan Vil ilelisuiuuesyn
foyamnzautennilulflumsdienesiludunousioly Sansudsnduypdeyaiineasden
Radl

1) ngui 1 Jeyaany
nandeyaane nunedi gadeyaniidnvaziamzsaizas Wudeyaildvsuen

ANYMEYRItayall 9 WU Jayaniamans dunisiuinsiain vuneas

9 Y
= [ v a

aniingra¥a Jail e weu U iludu
2) NEuR 2 YeyamuauLIm
NANToYANINEINUIAT NU1EHY YATOYATIUANINITAMUINT DT TMUINT
muarduIan Agniiudeundaudunavaieg U wesslaurluinszi
o~ = v v = o A 1% v

Wiguinguriiwildy vesdeyaidTeudulnsunn Ysenaunie Yaya
g flendnen 1w ausian fiavnsay gl wazanudulueinie \usu
uay Jayaasuaiiun1aenie i PM 2.5 PM 10 uag CO \Jusiu

o

o AEln - )
yaniegiinktuns Cleansing ui5Seuiay

i I

oA v i ) o w
NN 1 VBYaNI NAUN 2 VBYAANU[INULIA

PR ST *  Wudeyaarsuafivmeaime
*  WudsyanliAnans dwmisiuiinsiada

' *  doyagnleniven wWu avwuiEian fidnisan
* Date/Time

gl uazauduluena

AN 3.4 AnsaInshUaNgudeya (Grouping Data)
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3.3 nMInTIRdaULazd1sIatayallasnu (Data Exploration)

Tutunsumsasaaouuazdsiatoyailesiu (Data Exploration) §ifasyhmsiases
n19aiAvesyadeya (Descriptive Statistics) N15A339@0UAUAUWUS VoI AT DY@
(Correlation Analysis) kazv1N153LAT1EV YA 0L AR NAIAULIAT (Time-Series Analysis)
dielfannsndlanginssuvesyadoyadowiulasseasdon

Fdeliigadeyaniwiisenaugiwiatsendu 2 939 Usgnauluse Yasaniunisal
Unfl (1 un3AN 2558 - 24 Tunan 2563) uaztaaiiAnaniunsalinisunsszu1nes Covid-19
(25 Sluney 2563 - 31 FurnAu 2564) g1t eyarianunuvn1sadeUINYTMAN 130l
Covid-19 fiuasto PM 2.5 violl dsldusndoyaseiderluusasT Foued wa. 2558 Fe7 w.a
2564 mhaTesidifeiolui

3.3.1 MSIATITHEDATINTIUUN (Descriptive Statistics)
1) N193ATITUNGANTINVDY PM 2.5 Tuan1un1saluns wazseninanisung

J8UnUBY Covid-19

Touarnugniesineuazansuaiiveng o fignusesnidu 2 421 Ao Aeunis
5¥UIRYeevedlsA COVID-19 (¥ntayal w.a. 2558 - 2562) LagTeninnITLns szu1nadlsn
Covid-19 1i1aiin15 Lockdown (yadeyad n.a. 2563-2564) Tum1s1e 3.3 uandliiuds
ANTINYBIAMULVUTUVDINANENDULAANITUNTTEUIAVBS Covid-19 Uagsziing Lockdown
defAderhmauieuiisudeyanndudureaafivniseinasedalus wdsvowia 63
a0l luiufingamnumuas v lfduauuend ez liuvesn i udunafivnig
9MATMLANTURDUNISTYUIN83UD9 Covid-19 uaysearing Lockdown Taemudn 2assewingi
AAN1532UIR Covid-19 Aadsuas PM 2.5 NOx NO, NO CO fifanasantienounisssun
999 Covid-19 luaaedi Aadsves PM 10 uwaz Os ﬁguﬂé’mﬁuqqsfu dlafinissyuinves
Covid-19

ileRansanlulfvosnisunssyuinees Covid-19 wagiinig Lockdown saus
dou ey wa. 2563 Wuduly Faduimanaiveanissidansiiuns lidsedsuuauu i
Ussrnsueenli¥inluanuiiansisae Lifanssulag wventhu nui Hranaidnaived
AT UYes PM 2.5, NOy, NO,, NO, uae CO anainingasnaidenanvesdfiliinng
Lockdown {Antiy 14.38%, 12.93%, 18.43%, 2.65% Way 5.66% ALafu
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A1519 3.3 ADRNIULATNENIDINIATIINDUNITIZUINVDS Covid-19 WALIZNINNITLNS
5¥U1% Covid-19

ABUNIIIZUINVDY SZTRINNNITUNITZUINA
. 9849 Covid-19 9849 Covid-19
W50 LNDS — — % N3
v - , G DISINIS ] , BTN a4
ATUNANY AINAY ANAY wasuulag
UINTFIU UINTFIU
Mean - Mean ‘”
S.D. S.D.
PM 2.5 (ug/mS) 27.93 18.94 23.92 16.21 -14.38%
PM 10 (ug/mS) 44.97 26.19 47.45 27.94 551%
NOx (ppb) 42.15 40.88 36.70 41.32 -12.93%
NO; (ppb) 22.15 15.10 18.07 14.35 -18.43%
NO (ppb) 23.00 32.96 22.39 3393 -2.65%
CO (ppm) 0.85 0.55 0.80 0.55 -5.66%
WS (m/s) 0.84 0.66 0.65 0.52 -23.40%
WD (Deg) 188.56 92.74 186.22 97.33 -1.24%
Temp (Deg.C) 29.42 2.92 29.18 3.09 -0.82%
BP (mBar) 869.66 59.13 978.40 83.61 12.50%
RH (%) 67.42 14.42 69.97 14.91 3.78%
O3 (ppb) 19.42 18.10 22.24 17.90 14.47%

*waeing; 99 Wesidulnavesyatoya
U7 TV IR LAY

agslsinu Ideldthannududureaiivniseniaads 24 Falus veq
| a I o = =~ & A ' ' . A
ANATIYANN 9 UYIINISIUSHULTEULADUADLADUVDITNNDUNITIZUIATDY Covid-19 T2rind
WA, 2558-2562 WALIEUINTLNANITIEUIN Covid-19 U W.A. 2563-2564 1A8uWanIs18az,den
Tu 279 3.5 (n) PM 2.5 (1) PM 10 (A) NOy (9) NO, (3) NO (2) CO (%) O5 wansliitfiuin an
AnuuTuYesaiunteAlulsazyia azgaluyramtinuil (Dry Season) Menaunis
S5UNAUDY Covid-19 haLsEunINaNLANNITIZUIN Covid-19 WaLAINULTUTUYDIUATN YN
91n1Franadluy ANy (Wet Season) 11978uN1358UIAT0Y Covid-19 uagseninilinns
s2Um Covid-19 Teefladmdululusianiamediu
1INAIN 3.5 (N) TILANITIUALLDENVDIAMNUTUTULRAY PM 2.5 Tulmaziiau
299793ANFDUNTUUNR AaAU W.A. 2558 - 2562 (LAUAUIRY) haLAUTUTULREEY PM
2.5 TuwsazLmou ¥99939a@n1UNISUINNSWING T2 UA Covid-19 Aaual W.A. 2563 - 2564 (LAUE
WA WU A1 PM 2.5 lunsamnumuasgegaaienaion Useaa 60 - 70 ug/m’ Waga1sn
Nanuszanad 10 ug/m’ 1198 o19azuandaiululuudazuin 1wy Aunusuninisasas
! ~ v v ~ Ad A a ~
MINRUUBIEIAMITNTUYDY PM 2.5 Mgaunn TuraenunuInaauans1saze1adzil PM
A 3 Qg‘, 1 Y 1% a" ) a = gl’ I~ 1 [ V7] d‘
2.5 A1 98 AR TUNYNLIASIEIUNSANENT L TUA1IAINULILTUTRY PM 2.5 naglae
USRIV UANTUNNUMIUAT
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1AgANafAAINGTT WUTT AIANTUTUTDY PM 2.5 agiiingeduluniiaggg
#17 (Dry Season) wazazansasluniangEy (Wet Season) wii1azegluiianisszuinves
Covid-19 Aranududuves PM 2.5 Afiguuuunginssuanududulinieananiunisalung
! at' ~ . P = o oA ! v v
NeUNLIN15EUIAUDY Covid-19 kRag19la FILWANAIAULNYILAAULTNTUVBY PM 2.5
Tuv991inN552U1M89 Covid-19 8199 UTUANNINYIINDUNITTLUIAYINUU

A a a ~ v v ' s a

WIANANTUNUSI U UANUIUTUTD PM 2.5 Semrinadaiunisaiundnay

'3 | . | 1 | v v

A0IUNNTRINITWNTIEUIA Covid-19 nudn TueggnuAIAadudy PM 2.5 Tuggununa
FENINNMTUNTsEUIR Covid-19 aandrgisaniunisalunid (e unsax - Tuiaw) wilugas
fAHUYBIMNNITUNTTEUIA Covid-19 NAUNUTEAIANIATNTY PM 2.5 Andvsaaiuniseal
Unf (Aou wguniau - ganaw) wuii ganiaduniduladenddyseanududuy PM 2.5 4
WnTu

1NAN 3.5 (V) FIAAISIUALLDUAVDIANUINTULAAE PM 10 Tunsaziiou
9999I4AN@NUNNTAIUNG AaET WA, 2558-2562 (LEUAUNRY) wazANUNduRas PM 10
TunpaziAou YoIT9EIUNISAINISNTIZUIN Covid-19 AAT N.A. 2563-2564 (LAUFLAQ)
WU A1 PM 10 Tunsaumnuniuasasaniadesaon Ussuiad 100 ug/m’ uazaA1snngn
Useanad 20 ug/m? v1ell 91azuanaenulUlulmazusin Wi WuuSnuiinsnease wag
RAAIMNITUNUILYY 9198 ATUTUYBY PM 10 71 gau1n Tuvaed W ui uSiu
ANUATITAUED12223 PM 10 ¢1 9198 AR UTUN YN 1E A lunsANe T LTuA1Au
WNTUYDY PM 10 1RAglagnusnaiunvatunnJunnumuas nganananengs wuil @l
AMULTUTUYDY PM 10 Agiiiage¥uluviaegguuid (Dry Season) wavdzanmiasluiiegary
(Wet Season) Wutfgnuiu PM 2.5

A a = ~ v v | & a

VBN 15UIUSULAIBUANUTUTUUDY PM 10 SEmIneaniun1salunfwasy
A0NUNISAINNTWNTIZUIR Covid-19 WU TUTINABY WBIEY - SUINAN ATAINUIUTUY PM
10 Inalpssiuiamsnisalluraenidnisunsseutn Covid-19 Weuiugieaniunisaluns
Tug39 unsaw - dunan ndunudl Welinsunsszuinves Covid-19 AAMIANTY PM 10 a4

L2 1 ¥ v

niwhsanunsaiund wuin ganiadunilsuladendfyseninududuy PM 10 NiaTu

o
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AN 3.5 (N) AIANULIUTURAYYDS PM 2.5 Aaun1552U1nv89 Covid-19
LAYIEIINNITHNTIEUIN Covid-19

PM10 (ug/m?)
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LAYIEIINNITHNTIEUN Covid-19
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PN 3.5 (A) FauansseaziBunvasanuiduduaioves NO, Tuudazifiou
Tuthenataniunseiuni aued w.e. 2558 - 2562 (Fudiiiu) wazenududuade NO, lu
LA ATLA O 1099 I9@0IUNTITAI NITNT TEUIA Covid-19 A eumd w.¢é. 2563 - 2564
(Eudung) wuin  NO, Tungaimmuvnuesgeaniadesioiiiou Ussun 80 - 90 ppb wagen
flgauszanas 10 ppb e omazuansreiulUluusarusin Tnevialu NO, asiintuesany
sssuvduaiinludunalidinndn Jeaunnudndvinlid NO, lueinagede nsiwnlvl
Fomderdanng 1 1wy mawlwidomdaniossuivossnsus Tsedwih gramnsusig
mauwnindidemaduniuFou addmui drdrunaifinansneuiiaeieiosas 55 vasns
e el Aeaduduiitundessdilunisdneil Wudienududures NO, i
Tnehuinaiiufivoanngammamuas Tasainadddendna nud Aesududuves NO, 1z
digeiluiasngvun (Dry Season) wazazanmadiuvsnaui (Wet Season) ludearfuify
UATiEN90IN AR

HofsuuTsuiisuanududuves NO, seninsanun1saiunfuay
#01un150N1TWNT 32U Covid-19 WU masmstedAraududu NO, Indifaiusts
wnnsalluraeAfinisunsszuin Covid-19 Wisududanunisaiund udlurae Suaau -
uns A nFunUI edinmsunsszuinues Covid-19 mnuidiudu NO, genivhsaanunsal
Unh

PN 3.5 (3) FawanswaziBeavesnnududuaieves NO, luudazifiou
Tugrsaaamunsaiuni faud n.e. 2558 - 2562 (Fudiidw) wasanududuads NO, Tu
uAaZIie T0eteEnLNTINISUNTTEUIR Covid-19 Hausd w.A. 2563-2564 (Fuduns) T
NO, tJuni sluussauaieniserniendn (Criteria Pollutants) Tne NO, Saduanssssu
(Precursor) fdARU8INISAiA PM 2.5 a1ndeyaana wudn A1 NO, lunsaumnuviunsesan
wAsseliou Useuna 40-45 ppb LLazmﬁﬁﬁqﬂUszmm 10 ppb Wil anaazuansneiululy
LAazUSIA 91007 3.5 (1) Tugisfsuuwiey - Weounaiay 93LAUINABUNITITUIATDS
Covid-19 Wue1 NO, gsninvaiziiiinsszuin Covid-19 uaziinasnslviegtu deaenados
futoyavas PM 2.5 uag NO, uena Nt NO, waw NO, luussemadsanunsailugnisnesa
209 PM 2.5 way O; 84d 07 ndunafivniseiniandn Adunuinddysenansenudiu
as15aguIesUsErvunnyalan TasanadAsnan wuin Aranuiduduves NO, i
astuluiaagguuna (Dry Season) wazazansasluiiagguu (Wet Season) luiieafuy
UATiEN9DIN AR

dofirsuussuiisuanududures NO, sendsaniunisaiunfuay
#01un150N1TUNT TR Covid-19 Wud1 masattadaramduty NO, Indifoefusts
wansalluvagAiinsunsszuin Covid-19 WiuAutsanunsaiund wilurae weuanau -
panAu ndunuin Wedlinsunsszunnues Covid-19 Aanududu NO, fndvisaanunsal
Un#
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fiau Covid-19
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AN 3.5 (9) AIANULTNTUREAYYDY NO, AaUNIS¥UInv8d Covid-19
LAYIEIINNTHNTIEUIN Covid-19

70



71

NN 3.5 (3) Fawansswaidunvesrududuedsves NO lunsaziiou
Tugraanaaunsalund fausd w.e. 2558-2562 (Fudtdu) wazanududuads NO lu
Liasiou ¥etEnUNSAINSUNSSEUIR Covid-19 Saudl W, 2563-2564 (1FuAuAT) Fai
futuinuan Wesunmuzlasseenladuasiulasiau 90 8 95 Wesidusvesnisudss
fefalunsnoanled (NO) Tnsanadifdanam wudt Aensdudures NO awfiugatuluig
99711 (Dry Season) uazdzanA1aslus9ngau (Wet season) Ul gdfuf unafiums
omafdu dlefissanSoudisuaududures NO semisaaiunmsaiunfvasaniunisal
SUNIsEIA Covid-19 Wui masarsUaamududy NO IndiAssiuiangnsalluvaedd
N1SWNTI3UIN Covid-19 WisuduYan1unIsalund weiluyae natau - nuaAIwus (Ory
Season) n§unu ilefimsunsszuinves Covid-19 Amadiudiu NO geninvhsaniunisal
Un@

3NN 3.5 (2) FauansTeaziBunvesrudituadsres CO Tundaziiou
Tugrenananunisalund et we. 2558 - 2562 (Eudthidw) wazeududueds co Tu
LA AZLA DU U091 19@01UNITAINITUNT TEUA Covid-19 faurd W.A. 2563 - 2564
(Fuduna) Fa CO wiefsdniuludie Carbon Monoxide Wueilsifinau 1ifld 1Ainginnns
meiwﬁﬂﬁuauﬁiﬂamgﬁﬂuﬁmwaa&m6] W Moada nswaa wwn Tilludl in3eseud
mimﬁw%‘aﬂﬁﬁ?mmﬁmwﬁm Ty aain CO luNTUNNUNIUAT WUTT AN <e) Iu
NIWNNUMIUATIAARR BRI oW UTsanal 1.5 ppm uaz mmwmﬂsvmm 0.4 ppm el
9199 Lmﬂmaﬂuiﬂimmaumnm WU Aufivsaingwalnl ldifoaudnsmnlndves
Fowde uddhsluds wummﬂu‘lswmqmmmﬁm Ushamudlosiinswisuiosnn
nanuns tnsuinuiuiimerd o1evedinrududures O Agaunn lurasituiuiin
Tananailes auansisazonaayil CO M siail Ampnududuidmdnseilunsaned Yy
ANANULNTUTBY CO Laﬁaimaﬁau%Lamﬁuﬁmaqmmn'gqmwumum 1AgNERRRINGTT WU
Apndudures CO anfingeduluiasggvun (Dry season) uazazaniadluiaaggiu
(Wet season) wWiusignfufutaiuniseniafdu

dlefiarsuusuisuanududures CO seninsaaiunisalunfnas
anuNsaiIUNIszUIA Covid-19 wudh masasisdaeududu Co lndiAusfutamgnsal
TuvasfiinIsunsszuin Covid-19 Weuiurasaaiunisaiund

AN 3.5 (3) Fauanssuazdenvesnuduiuadsves O Tuusasiiou
Tuthananan unsaiund daudd wa. 2558 - 2562 (Fudiniiw) wazanududuads O, Tu
LAALFOY V89 AAUNNTAINISUNTTEUNA Covid-19 Aausd WA, 2563 - 2564 (Euduna)
Tneidufefivfiogtuans nuneds esggenniiuduliiiu 2 Alawns Tnserainduieaniy
sssumilaeiuasainadusge viontunnvelodesasus taosiulaliin wissiuiin
AUSOU 9NNTEUIUNMINARTULTEIRRaNTTY WUy

lngandeyaads O lunsaunnumiuas wuin Usuu Os qqqma?{w\'alﬁau
Useanal 40 ppb wagArfigaUszann 10 ppb agalsfiniu Ui 0 lulseimalngds



72

wuiliAudunasgugunwenaidmualy uifduuldudagnelmAndamuaiivma
ormaluowiaald 1esainUSununisiiuneiimutuegesindauazserios Wil Aray
AU deseilunisdnund Wusianmdudures 0s waslagvusnuiufivesyn
ngamnTuAg Aaadututes O; anfisaduluinggdeusnnningadu Tnsdangan
Tugraneuduiny - wguaray daulugaduanuiduduves O; luusseInIAIzanas
pgadiuladn 1osnuawandsingsusen1sinfne O, fites WeRarsunlseuiiieu
AULNTUYBY O3 S8IN@UNTUNALAYADIUNNITUNTUNTSEUIR Covid-19 WU naen
wadarmnadudu o, ﬁLLU’JIﬁmlﬂﬁLﬁﬁNﬁuV?ﬂLﬁﬂﬂﬁiﬂﬂu%ms‘ﬁﬁﬂﬁLL‘Wi'iz‘U’]ﬂ Covid-19
WiguAuTsdIunsalung
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a1

‘H

Os (ppb)
8 N

ol v' ot i N “fw
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WA AW AA Wwe. we e A dA N AA. W §.A.

fiau Covid-19

. Covid-19 Ungszun
UWWITEUIA

AN 3.5 (¥) AANULIUTURASBY O3 ABUNITIEUIAURY Covid-19
LAYIEIINNITHNTIEUIN Covid-19

1NNUIATIEANYANTTUVDINATYN1981NALUAINTINT 196U WU A9
#1199 Tanwaueniaaendeny lagagilaanududugluyieganun 3o Dry season kayde
anaslugiangru Wet season visluaniunisaluni uagluvaeniinisunsseuinves Covid-19
= P a a & A ° v ] | & v
Feagiiwuaiivuravliauintgy Nganmiadluiiansseuin Covid-19 1y PM 2.5 usu

2) One Way ANOVA Test
MnMIaRgILTNITeTi Ui PM 2.5 MiAndulutag Covid-19 9l
AULANAINAINTNABUNITIZUINVDIUBY Covid-19 ol FWNIINAdaunIeis One-way
anova 30813 nad AT TeRALLUSUTIUILR ) WieRinnsaninAwasvesUTung
PM 2.5 Tuustazdrsnandamuunnenaiuessldddgviels Tnefinsieauufgiu fil

HO: ALRREYRIUTIIM PM 2.5 Wi dwsunnngudianan

H1: AnaRevasTIna PM 2.5 Ly sgedeeningudiaim

lpgdiSn3AwIns A1 F statistic Asaun1si (3.6) - (3.8) uagsinegenisuendeyar PM 2.5
wendeyaseipeuluusiayUnaudt w.a. 2558 feU w.a. 2564 lunis1e 3.4

SST
o MST  df,
F statistic = WSE — SSE (3.6)

df,



Tne
MST

MSE
SST
SSE
df t
dfe

Tne

o~

<
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A9 A1 mean squared treatment

A9 A1 mean squared error

A A1 sum of squares treatment

A9 A1 sum of squares error

fn AN degree of freedom treatment
D AN degree of freedom error

SST = ZC: i(ﬁ-. —-Y)? (3.7)

i=1j=1

IUIUNGUYIWIA
uItoyalunguyianiaiil i

ALRREYRIUBYAlUNGNYINIAM i

ALRReYRIUBYaavIIA

SSE = i i(Yi LN (3.8)

i=1j=1

) D2 D2 Db
o ®Oo O ©

UIUNGNYINIA
Sruuteyalunguiaanani i
Avesteyalunguiaanandl i sumisd j
Aedevesteyalunguiaanati i
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M1319 3.4 MegN1suentayanl PM 2.5 uendeyasieiaulunsazUnsusl w.ea. 2558
29t e 2564

U a.a. LU PM 2.5 (ug/m°)
2015 1 54.26849
2015 2 43.15628
2015 3 27.49932
2015 4 26.01806
2015 5 15.69897
2021 8 12.95834
2021 9 15.25815
2021 10 19.48477
2021 JEl} 25.21595
2021 12 36.82919

1Y

] a [N
N ’JLﬂﬁ’]gﬁiﬂﬂa’Jﬂﬂ

31NN1INAGDUFIE One Way ANOVA dswanisvaaaulsian F statistic a1
Wiy 0.88 LLaﬂﬁﬂ'mNaaa p-value Wiy 0.51 laediAainnan 0.05 s?iﬁmmmaiﬂmalf%%
aamwammmumwmmaaﬁum PM 2.5 fianliwanssiulundaznguedianaiise m‘umm
Fou 95% auuumqmmmiaﬂmmlmmamﬂimmmm PM 2.5 mwmmmmu’mamamu
TUldlunsimsgusiolula

3) AnduUseAvsanduiusseminedanys Pearson Correlation

AavelainnisnsivdeuauduTusveItayafulseing q luriaiaineunis
AR Covid-19 wagseninan1sseu1nved Covid-19 lngidanldnisnageuninudunusuuy
Pearson Correlation (Shaun Turney, 2022) Faduismeadnfiiiunld i ewaudunus
vosdoyang o szduisiaunsohaandlaldie fiden pearson Correlation il
e NSy sEnI199a -1.0 A9 +1.0 Femindandlng -1.0 vanefs duusieanasiadl
Auduusfueganlunsnsstudn mindanlng +1.0 fio Fudsisaosdanuduiusds
funazunniiasladululufiemadentu uadwnniawindy o mnefs fudsiseosh
Lifeuduiuslag Fafusasiu



A1519 3.5 ANdUUSEANTanduNUSIEMINefUS Pearson Correlation

76

WS WD | Temp RH BP cO NO NO2 | NOX 03 PM 10 | PM 2.5
(m/s) | (Deg) |(Deg.C)| (%) |[(mBar)|(ppm) | (ppb) | (ppb) | (ppb) | (ppb) |(ug/m3)|(ug/m3)
WS (m/s) 1.00 0.02 0.12 -0.04 | -0.01 | -0.32 | -0.12 | -0.34 | -0.22 0.20 -0.15 -0.08
WD (Deg) 0.02 1.00 0.04 0.07 0.04 | -0.08 | -0.02 | -0.05 | -0.02 | -0.09 -0.11 -0.10
Temp
0.12 0.04 1.00 | -0.60 | -0.02 | -0.08 | -0.12 | -0.10 | -0.11 0.39 -0.03 -0.08

(Deg.C)

RH (%) -0.04 | 0.07 | -0.60 1.00 0.13 | -0.04 | -0.02 | -0.17 | -0.10 | -0.55 -0.25 -0.12
BP (mBar) | -0.01 0.04 -0.02 0.13 1.00 -0.12 | -0.14 | -0.10 | -0.10 0.13 0.10 0.08
CO (ppm) | -0.32 | -0.08 | -0.08 | -0.04 | -0.12 1.00 0.56 0.47 0.60 | -0.10 0.41 0.36
NO (ppb) -0.12 | -0.02 | -0.12 | -0.02 | -0.14 0.56 1.00 0.46 0.93 -0.20 0.41 0.27
NO2 (ppb) | -0.34 | -0.05 | -0.10 | -0.17 | -0.10 0.47 0.46 1.00 0.62 -0.12 0.53 0.47
NOX (ppb) | -0.22 | -0.02 | -0.11 | -0.10 | -0.10 | 0.60 0.93 0.62 1.00 | -0.22 0.52 0.38
03 (ppb) 0.20 -0.09 0.39 -0.55 O3, -0.10 | -0.20 | -0.12 | -0.22 1.00 0.09 0.08

PM 10

-0.15 | -0.11 | -0.03 | -0.25 0.10 0.41 0.41 0.53 0.52 0.09 1.00 0.78

(ug/m3)

PM 2.5

-0.08 | -0.10 | -0.08 | -0.12 0.08 0.36 0.27 0.47 0.38 0.08 0.78 1.00
(ug/m3)

dl a Va o
U JAsenlagIe

3.3.2 N159AT12MBYNIULIEAT (Time Series Analysis)

1)

N13IATILANGANTTUVBI PM 2.5 ie Kruskal-wallis test

AIdelavinanegeu Kruskal-wallis One-Way of Variance lagnsvngeun

H (Kruskal and Wallis, 1952; MacFarland and Yates, 2018) Lﬁammﬁaudmm%’aaﬂaﬁ’maﬁa

Judnwy seasonal data 3oly Inen5l4 Kruskal-Wallis H test 1uisn1snaasundeuly

AuluauAugatenIng) wagn15ILAIILRANUFUNUTY 991aN1IEH197 11199970 Kruskal-
Wallis-test 1111500539309 9 auganalaegraadosuazuiug (Webel, 2021; Zhao
et al,, 2018) lngauufgIudmsunIsnageu Ao

HO:
H1:

AlsEgIUTRIAINaT YNIINIARsREAITA WU NIREU

ANNTYFIUVRIANUATENIDINIALAALANILLANFINUDE 1
Ueeniliguatiiou

1R8E1UN0ALINMIAT H t9a1naunis (3.9)

Tne

ith

H 12 C —sz 3 1
= E -3+
n(n+ 1) L n; (n+1)
j=1

A9 NATINVDIVUINFAIDY AN URIDE1INUA

AD F1UIUAIDYY

A9 NATIUVDIDUAU

(3.9)
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A o £ 1 Qll .
T; A9 UIUNIDYNY
J™ Ao SUAUVRIRIYNY |
n; AD MUIUAIDYNN |

31NA13N 3.6 WU ANSEgIUTBIAINaN w9e N1 Ul Lans1 ey
ogetiosviaguonfioudiiian p Yosnit 0.05 fufulsseusu H1 JauansirAuafivivani
wansstuseeiiTodfaluieusnag Taneudanunsal Covid-19 uavvasdiiinisszuinves
Covid-19 Aifinsdenaifiniu

NAMaNTIATIElunTe 3.6 annsaagdldinlaeilumanududuyes
uafiwsing 9 xfinmsiwdsundasmuggnia egsiidoddy Tasanadangniuiinl3lulssme
e wudn lursggeuduaivazaniias uavaziuiuluggfeunazsun Tasianizagnad
A1 PM 2.5 s lngflaianysal i naw1Ur uazainn1s93193 sy Tnstanns
061581 gevun Sadutranaidmunaeinmeagdlungaymuviues maeaududures
PM 2.5 gasnaniaymasasdundn laslamzedisddutiagguun (Aou ngadnieu -
fluna) veamnd 2zilan PM 2.5 iganinunasgiu egrslsiany sziiuldanndng uds
Uizifﬂﬁ%ﬂmimaﬁwwwmmﬂmmayﬂimLaa’l (Empirical evidence of Gas pollutants by
Time Series) Wiayadoyaniifinesing q veswafivniserniadounds 6 T (w.a. 2558 -
2564) wmdennsulifiunmsinvestaiueg 9 wissetunuii menududuresuaiv
mammmmﬁuqﬂﬁu LLazamaﬂuLLﬁiagq@maﬁﬁuuﬂiasiNﬂiz%’ﬂﬁﬂugﬂéwﬁeﬁ’mLﬁ]uﬁmam
Tunn 3.6 flansvsdididnnsyaeiludnvaediduggniadsanisegoy Kruskal
wallis test 119691

A1519 3.6 HANTIATININTITWBIAULATNER8 Kruskalwallis test (UNg1AN 2558 — S1uAl

2564)

- N A NANSAATIZN
MR, H statistics Asymp. Sig.
PM 2.5 (ug/m?) 48.57 0.000
PM 10 (ug/m>) 49.37 0.000
NOx (ppb) 28.62 0.000
NO, (ppb) 28.94 0.000
NO (ppb) 44.48 0.000
CO (ppm) 36.69 0.000
O3 (ppb) 48.47 0.000

P a YA o
07: Aaseilagiide
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2) NMTIATIPNHANTENUIIBGOUYDY PM 2.5 NMTIATIEVHANTENUTIELR B Y

V3 PM 2.5
Fefiasunansenuseieuves PM 2.5 Tunm 3.7 dudunsuansdeya
PM 2.5 floumids 5 T wausid 2558 - 2564 Tngldinauansuenidumedou ashildinluda
JaneTlvanfiiud fusidioungainiou - Woununius Jeeglutasgguunvesseme
vy f1 PM 2.5 FArgeuazfiauuussiugann Weisuduifoudug dsaenadeariy

a

PANNNANEINUITINITUBALANUTENA FININDTUI8AIENENNITNIAREUINGALITUNNS

a9

ulgLeINA nud lagunAuaiennianieg usnituiAulziligumngiiiainiteniaiasey

9 Y Y

1 v = U a s d' o Aaa a v aaa a o
@%Uu‘m@ﬂﬂq FIATUUAANINYUIATARAT @']ﬂ']ﬂﬂ%Lﬂa@um'ﬂ‘ﬂqﬂwmﬂqmﬁﬂuNQQlﬂENVWIQJQQJMQ@JGW

a

AINMN 3.8 () A eInNAUSANUALIYInaTugTuUsTEINATIEUSeY 9 Tngaginnnry

i & v 0§ v a L a any o | v N
avewin q assdulume viliusuunuAuiiuazestesas dwali PM 2.5 damuas
Aout1eAeil Tuvaggiegavund Usenalneaslasuaninavesnnunneiniags 1iedan
waeneduanmeumiionunagy nligamaluinaiufuinnisaeauseusgig
TI5INIUNA anuseuiignaigeanundegninuasunsnag seninaasnieduiuiunug
finnudu Radunszeinala fdnw 3.8 (v) Bwihbiduaressgninnuliluuinudeng
waylvadeunduginuiu datu Tugisganunidivsunm PM 2.5 aandtlugadug

o

o
Un

dondaua PM2.5 s18Lhou L
i u * pdUIRY =

80
70

60

PM2.5 (ug/m?)
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a

Aanududuaisvas

40

v

30
20

10

wnTel QuAWus  fuiew wwsu wowataw fiquisu nangiaw BeiAn Aueeu ganan waeRneu Suanew

AN 3.7 @ddveya PM 2.5 T1eLheu
w1 s esilagyide
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Normal Situation Temperature Inversion

Cooler Air

Warmer Air

Cooler Air

(n) anzUni () Usngnisalgaumginndu
(Temperature Inversion)
AN 3.8 HANTENUVDS PM 2.5 Aogungil
un: Ainsesilaeiide

3) ATIATIFANANTENUTIOTIUDS PM 2.5

Wollns1vsinanseny PM 2.5 S18tfiou 98iunInguYen1siin PM 2.5

Fuagiiugania faideluiaueusmualunsuning
| I A a = a a o ]
pg13lsAmu WeRansandesgazideanisiia PM 2.5 Tusiealus wuiilu
J Y Y Y <@ 1 [y 1 N v o W = &
WAz TIIANUTUTUYIDY PM 2.5 Agzuanaanueg1sidedian d9ainaiw 3.9 1uns
wanstoya PM 2.5 Tunsavmumuasdounds 5 U st 2015 - 2021 Tnsuansuenidusie
Flug aziulaanan PM 2.5 Tuusagdalusues 1 1u PM 2.5 Sanuiduduiiuana1eiu &
AudutufainaaennsesiudadelusuaiunaeiniAwazianssuvesuywd laganns
AATeiteya nudn PM 2.5 azliannududugaly 2 9iaa1 A ¥aadn sendng 08:00 -
10:00 . uay YNA9AL 21:00 - 00:00 u. laglutintazaenadesiuianssunIsRuNIglY
vinnanssulumoult (Working trip ag school trip) @aulut1snalsAuasdennd oany
AanssuNsRUNIINEUTIULAZIOUTINNAIY @1unsndaudn-een ledneadilalugianand
wuiu Jiswlvfsonimasiduadunansiu Gsonvazdimaronnududuaes PM 2.5 filinTu
| AN o o o & PN a Yy v ] o i X A

ageliddAny Nl WI93879 PM 2.5 Sannudutugs enaazuansinsiululuusasiiun wu
dy dl =) dl v v 1 U 14 I A
WuNLaLiee (CBD, urban area) iNne1dy wiasneassvuinluglanaiadlos 153a1u
9AAMNTIN W3aNITIINISNERIwazISY [Wudu
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dtAtaya PM2.5 s1897lus
120 ** By = i
110

100

PM2.5 (ug/m?)

=

AAnududuieisves

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Falug

AN 3.9 KANTENUTIBTINNVOS PM 2.5
N07: AT 1ilageIdL

NN IETILIATIEINGANTINVDS PM 2.5 919AU 981¥iudn PM 2.5 &
nAnsIUAULUIALgANIA N9 Famudtenududuves PM 2.5 duduwdsiuaugiaia
sandsedalusluaufeeiewdu suuuundaau

3.4 MIInnIBNYAvaya (Data Preparation)

nsdnnisugadoyaluiit mnedsnswisuaumieutesdoyanoufivsihdeyaidig
wuudiaes lnendaanndivhmsmaasunginssuyadeyaiseuiosud {3deldihnsieses
laseasne Uuuuvesyaveya (Feature Engineering) nsUSuU3U¥AteYa (Data Transformation)
uagmsAnEen Feature vestoyaneuiiasyhns ulsyadeyanmuaaiunisaiidiosnisagnadey
Fhouuudtanaina 1 laedineazBeslutuneunsinniouyndeya fail

34.1 nizmumii‘]’ﬂnﬁﬂagaﬁugm (Feature Engineering)

Feature Engineering 14 umzmumiﬁ]‘”mmw”miaﬁyugmﬁ'L?Emd’l data
manipulation #38 pre-processing %38 normalization 1nuN15%11 Feature engineering 34
B umgumaumﬂﬁ'a"']ﬁ’mum 1ne Feature engineering A ® muﬁ'@faawmmﬁﬁ'mﬁ’u
N3EUIUNTT wasnadnsvesulunisuenauaud® (Properties) wsonnanwue (Features)
fine 9 Fliuudiassnisaansaiiauldaty
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M1379 3.7 MUsNuInnsulastaya (Data Transformation)

Independent Feature Target

WS | WD | Temp | RH BP CcO NO | NO2 | NOX | O3 | PM 10 PM 2.5 Month|Hour PM 2.5

(m/s)|(Deg)|(Deg.C)| (%) |(mBar)|(ppm)|(ppb)|(ppb)|(ppb)|(ppb) |(ug/m3)|(ug/m3)_lag (ug/m3)
0.2 2 232 | 62 |1007.7| 0.82 1 12 13 2 53 26 1 0 29
0.5 ] 29 20.5 67 |1007.1| 0.78 2 19 21 15 42 31 1 5 23
0.5 11 20.2 | 68 [1007.6| 0.79 1 24 26 6 36 23 1 6 20
03 | 26 22.7 | 64 [1009.7| 0.86 8 20 28 20 50 25 1 10 28
0.3 | 355 | 25.1 58 [1009.2| 0.84 [ 17 21 20 a7 28 1 11 26
0.3 13 26.7 55 11008.2| 0.82 [ sl 21 22 49 26 1 12 27
0.3 14 27.2 | 53 | 1007 | 0.77 [ 14 17 3 41 27 1 13 23
0.4 16 27.6 52 |1006.1| 0.75 2 14 16 61 28 23 1 14 15
0.3 | 355 | 268 | 53 [1005.7| 0.75 2 14 16 35 40 15 1 15 22
0.4 7 26.9 53 |[1005.5| 0.74 1 17 18 7 41 22 1 16 23

] a YA o
N ’]Lﬂﬁ’]gﬁiﬂﬂajﬂﬂ

Taevhluudn audnuas (Feature) azagluguuvuredlassainsvosnedunl 3o
wann3U99 (attributes) e'?iammsaaaaquléimmmsmamé’ﬂww (splitting Features), N9
sunudnumy (combining Features) 3 an15assamdnuaed uuiluy (creating new
Features) Lﬁaimﬁwaé’wéﬁﬁﬁqmmﬂmeﬁaaq, N3YAINELeIN, AN INYRITaYa U
nayuadAYgnIzUIUNT Feature engineering TnzanLazUsEAnSAMYesUUUTIADITS]
ANULAIUEN (Zheng et al., 2021)

uanandanlsildunandeyasasiu Idvhnafudusdudn 2 duds die
tharlflunsveaeuuuusiass daldanmasuanmndeyasiy fe 1) deyaifou (Vonth)
Tngvhnsulasdoyatandoyatufl wae 2) doya PM 2.5 dounds in1sduaaindoya
PM 2.5 v89 1 Uneuniiludluaderfutuainiuiiogiune fauanddumss 3.7

3.4.2 msuwlasdaya (Data Transformation)

neuvzideyabiuuudiasaseus Sndudesiinisulasdeyanou eswiney

wUsfiludeyadeUSunaudasiivelia1vesrsdeyafiunnneiu Feibiuisdane3iuli
U gay = o P ) a o & v o o v o

nadnsliauvgaung suteulsiiluteyadenmunin Iuludesihniswlasdeyalmiuy
Mae e ndaneinunldnuazeeulviseuianisdayaidaUsunaminty lngddn1sulas
£ ' < ! A
vo3a (Transform) wueenLlU 2 @1 AD
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1) 75 Weight of Evidence (WOE)
nsudasteyadnusdasziidudoyafsqanin 281435 Weight of
Evidence (WOE) (Persson, 2021) Lﬂumﬂﬁm&mﬁ’ﬂmm%gaLﬁaiﬁlﬁ@mmé’mﬂ’uéﬁ’u
syyieiulsdasy uasiudsmuaniian lefisnisdnn fauns (3.10)

(3.10)

WOE = I (% target value)
- % record

Tnen

(y [ ! I n‘L ! :.’/ I LY I g.J/
otarget value  fp dnEIuYDIAMILUTALIUNGNTIUS NUNUAIMILUTAILTIIUA

=
A
N Y
A

Y record o dndunessuudeyalunguiug Weududwnuteyaiomn
2) 35 Min-Max Normalization
Asuvasteyasiiudsdasziiiudoyadsusuiu 981998 Min-Max
Normalization (Patro and sahu, 2015) Wunsilideyaiduaiuinsgiueglugie 0 i 1
wagihteyaunuiuliiininsganediwuuuni (Gaussian Distribution) lagdiIsnsawan ¢
dunns (11)

x — min (x)
Znorm = max(x) — min (x) (3.11)
Tagi
Znorm 0 Togafiledunsuulidusnunmsgiueglurag 0 fa 1
X fio dayanwin
min(x)  Fg ms‘ﬁqmaﬁagamﬁuﬂ
max (x) Fg mqqqmaﬁagaﬁﬂﬁm

nan1sulasioya uandrinisns 3.8 Tnedide dnussnnvesdoyasendu 3
dau Useneume 1) Muusdase (Indipendent Feature) 2) Taya PM 2.5 daumie (Historical
Data) Uay 3) Teyanndmung (Target)
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A1319 3.8 MUsNNIINNsulastaya (Data Transformation)

Independent Feature Target
WS | WD | Temp | RH BP CO | NO [ NO2 [ NOX | O3 | PM 10 PM 2.5 |X Month{X Hour| PM 2.5
(m/s) | (Deg) |(Deg.C)| (%) |(mBan)|(ppm)|(ppb)|(ppb) |(ppb) |(ppb) [(ug/m3)|{(ug/m3) lag| WOE | WOE |(ug/m3)
-0.230.17 | -0.32 | 1.12 | 0.24 | 1.18 | 0.56 |-0.96|-0.39 |-0.46 | -1.29 -0.56 -0.49 1.07 15
-0.23 | 1.58 | -1.79 |-0.88| 2.28 |-1.43]0.92 | 0.55| 0.69 |-0.18| 0.47 1.28 0.93 1.77 20
-0.921-1.53| -0.25 |-1.77| 0.63 |-1.14|-0.73| 097 | 0.49 | 1.04 | 0.28 -0.40 0.93 -0.32 48
-0.23-1.33| -1.11 |-0.09| 1.67 | 1.10 | 0.69 |-0.31| 0.02 |-0.02| 0.80 -0.48 0.93 1.07 31
1.18 { 0.19 | 1.41 |-0.60| -2.30 [-0.43]-0.98| 0.97 | 0.43 | 0.13 | 1.22 -1.34 -1.20 -0.32 24
1.18 [ 0.16 | 1.02 |-0.24| -1.84 |-0.54|-0.09|-0.21 [-0.25|-0.18| 0.06 -0.01 -1.45 -0.32 15
-0.23 |-1.44| -1.03 |-1.02| 1.43 | 0.85 |-0.98|-0.62|-0.88|0.92 | 0.44 -1.03 0.93 0.19 a4
1.18 [ 0.27 | -0.66 | 1.12 | 091 [-0.97 |-1.55|-0.96 -1.25|0.34 | 0.15 -1.03 -1.45 1.07 22
-1.77 (-1.49| -049 | 1.12 | 1.32 | 1.29 | 0.56 |-0.41]-0.18 | 0.27 | -0.74 0.62 -0.49 -0.67 12
0.33 1 0.19 | -0.35 | 0.79 | -0.12 | 0.24 | 0.09 |-0.41 |-0.39 |-0.76| -0.52 -0.16 0.93 0.54 20

] a YA o
N ’]Lﬂﬁ’]gﬁiﬂﬂajﬂﬂ

3.43 n1sAaRenAauUs (Feature Selection)

fidvasidoyatasneuinimnisal Covid-19 TugmdiazthunlilusunsuGous
Tilunsidenduusiisinasienr PM 2.5 undian Tnedsitnnlddmiunsidendauys Ae
Recursive Feature Elimination datfiuismsidennaudanusdaseifinadedanusny anu
Suufudsdaseidvunld ndnmsvihau spFusuanmsieusiuuiiansein algorithm
Airnunls Tnelueudsedld Random Forest Algorithm LitefdsnduUsdassfisinasos
LLUimmﬂaaﬁ'qﬂaaﬂﬁazﬁa Tnefia1sunaInNAIANEIAYUOIRILUT (Feature importance)
fifiendesiian ndsanduagriniadsuiuuuiiasdduiandudsdaseimdooguly
unsEamdesuusulsBasymudimmualy

Tngyhnismageuauusiugvesuuudiassoonidu 2 uuu de 1) Liifduush
Aedaatuian uazdeya PM 2.5 luofin Svavun 10 Fauds Fsannsodangusiauusléiu
10 Ngu AUN131e 3.9

Tusaisfiuuudl 2) SfudsfiAeadestuna uazdeya PM 2.5 Tuafin damun
14 fuls Fsamnsadangusuusididu 14 ngu mumsn 3.10
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M1319 3.9 MuUsilinertesiuim uazteya PM 2.5 Tuafin (10 ngudiuys)

Number of
SR Features

1 ['PM 10(ug/m3)’]

2 [WD(Deg)', 'PM 10(ug/m3)]

3 ['WD(Deg), 'CO(ppm), 'PM 10(ug/m3)’]

4 ['WD(Deg), 'CO(ppm), 'NO2(ppb), 'PM 10(ug/m3)]

5 ['WD(Deg),, 'BP(mBar)', 'CO(ppm), 'NO2(ppb), 'PM 10(ug/m3)]

6 ['WD(Deg), 'BP(mBar), 'CO(ppm)’, 'NO(ppb)', 'NO2(ppb)', 'PM 10(ug/m?3)1

. [WD(Deg), Temp(Deg.C)', 'BP(mBar)', 'CO(ppm)’, 'NO(ppb)', 'NO2(ppb)', 'PM
10(ug/m3)1]

g ['WD(Deg), Temp(Deg.C)', 'BP(mBar)', 'CO(ppm)’, 'NO(ppb)', 'NO2(ppb)', 'O3(ppb),
'PM 10(ug/m3)1]

9 ['WD(Deg), Temp(Deg.C)', 'RH(%)', 'BP(mBar)', 'CO(ppm)’, 'NO(ppb)', 'NO2(ppb),
'O3(ppb), 'PM 10(ug/m3)1]

10 ['WS(m/s), 'WD(Deg)', 'Temp(Deg.C)', 'RH(%)', 'BP(mBar)', 'CO(ppm)’, 'NO(ppb),
'NO2(ppb), 'O3(ppb), 'PM 10(ug/m3)1]

dl a Va o
U WA nlagIe

M1919 3.10 MuUsiieasiung wazdeya PM 2.5 Tuadn (14 nqusuys)

Number of
i Features

1 ['PM 10(ug/m?3)]

2 [PM 10(ug/m3), 'PM 2.5(ug/m3) lag']

3 ['WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3)_lag]

4 [WD(Deg), 'PM 10(ug/m3)’, 'PM 2.5(ug/m3) lag', 'Month WOE']

5 [WD(Deg)', 'CO(ppm)’, 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag', 'Month WOE']

6 ['WD(Deg)', 'CO(ppm), 'NO(ppb)', 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag', 'Month WOE']

. [WD(Deg), 'BP(mBar)', 'CO(ppm), 'NO(ppb), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag'
, 'Month_WOE']

g [WD(Deg)', Temp(Deg.C)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)
', 'PM 2.5(ug/m3) lag', 'Month WOE']

; [WD(Deg)', Temp(Deg.C), 'BP(mBar)', 'CO(ppm)’, 'NO(ppb)', 'O3(ppb)’, 'PM
10(ug/m3)', 'PM 2.5(ug/m3) lag', 'Month WOE']

0 [WD(Deg)', Temp(Deg.C), 'RH(%)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'O3(ppb)’
, 'PM 10(ug/m3)’, 'PM 2.5(ug/m3) lag', 'Month WOE']

= a va o
NU: ﬁLﬂﬁ’WMKIﬂEJQ’J"ﬂEJ
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M1519 3.10 (»9)

Number of
Features Features

0 [WD(Deg), Temp(Deg.C), 'RH(%)', 'BP(mBar), 'CO(ppm), 'NO(ppb)', 'NO2(ppb),
'O3(ppb), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag, 'Month WOE']

1 [WD(Deg), Temp(Deg.C), 'RH(%)', 'BP(mBar), 'CO(ppm), 'NO(ppb)', 'NO2(ppb),
'O3(ppb), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag', 'Month WOE', 'Hour WOE']
[WS(m/s), 'WD(Deg), 'Temp(Deg.C)', 'RH(%)', 'BP(mBar), 'CO(ppm)’, 'NO(ppb)',

13 'NO2(ppb), 'O3(ppb), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag, 'Month WOE',
'Hour_WOE']
[WS(m/s), 'WD(Deg)', Temp(Deg.C)', 'RH(%)', 'BP(mBar)’, 'CO(ppm), 'NO(ppb),

14 'NO2(ppb), 'O3(ppb), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag', 'Month WOE',
'Hour WOE',NOX(ppb)']

dl a Va o
U WAsnlagIe

3.4.4 n1suusdaya (Data Split For Data Modeling)
nsutsyadeyatililusidoasuisieyasenidu 2 diu Ae Frenounsszuia
v83lAdn-19 939U w.A. 2558 - 2562 (Data Train) kag ¥39N1358UIAVBILATA-19 YT
W.A. 2563 - 2564 (Data Testout)
1) 929naun1558UIAvealAIA-19 ¥1958nine 1 UNSIAYN 2558 — 24 JuAd
2563 (Data train)
- wiadudeya Train Set: 80% 1l oldlun1515vugdosalwledn
hyperparameter
Angailuusioy algorithm maﬁqﬂ
- uvadudoya Test Set : 20% WielddmSumsmaaouUszananues
wuuasenewluldauase
2) ¥3939N1338U1AvelATN-19 Y3958nIN9 25 duAl 2563 - 31 SuIAY
2564 (Data Testout)
- uvadudeya Test out set : 100% \islddmiunsmaaouyszansnm
Yo UUINReIIaInsnnuUsEendldiutoyalutiwmdufinansseuin
ladnlaaeeuiugmsolyl
TutunsuniaiFousluusay algorithm flusunsuaziinisfeudandoya Train
set WielldAn Hyperparameter #iviliileuszansnmueswuusiaesdifiussdndainuan

ign Ineiinsusvendldis Cross Validation @slituneusitideyatenounisseuinlain 19
Train set duUseonilu 5 @i o fu
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Joyaurazaiu (split) 9zgnuussendu 2 du e 4 ddwsudu Train
set Wlein Ul Model lfFsuiteyalunisusudmsidimeseing q el
16 Model 7 15ougToyaldutudiiian uaz 1 d2u dwmsuidu Train
validation set Ll pilidudoyaii onaasudn Model faruusiugiv
Foyayndulutisainounisseuialedn 19 il

18931nbe Model 91nn1sindayadu train set WlUSeuinas 98v1n153n
UszAnsnmues Model §186235n ¢ail Ao R-squared adjust, MSE, RMSE
wag MAE ‘Uaﬁayjaﬁgqsqm train set, train validation set LLazqufJ'a;‘JJanNmi
72UnUBY Covid-19 Test Set

Ftuneud 3 %ﬁﬂﬂﬂiU%@%ﬁﬁLLUﬂlﬁlﬁﬁﬂ 5 @ (spilt1-splits) wagldirnade
Guaw‘i’ﬁyfmﬁ'lﬁmnmisﬁ’ayjaLm'aza'au (split) 1T ufd Talunsusziiiu
UsyAnsninues model Tagldiat nvasyndayaria 3 4a (49 train set, train
validation set waggntoyayaen1sszuIavaslain 19 (Test Set) uldlunis
finsandmdumsidien model #iffign

1AU5182L08ARANIAIATIN 3.10 FeuansnTzulunIsuITeyayaning 9 19
LUUINADY

splitl
split2
split3
splitd

splitS

Train set 80% Test set 20%

17 (yadfoyiariautiin Covid-19)

Test out set
(yndfoya vouzifin Covid-19)

D "i’a;wa’m’%'u train set

m doyadmsunaaeu Model train set Tugatiug

A 3.10 NS2UIUNTUITRYAYARNY 9 [DUWUUTIARY
w1 s esilagyide
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3.5 wuua1aas (Modelling)

dmsuuvudransitldlunsdnunideased §3deidenlduuudiass Machine Leaming
(Ethem, 2010; Biggio and Roli, 2018; Friedman, 2001; Goodfellow et al., 2016; Molnar,
2020; Stuart and Peter, 2010; Winston, 1992; Zhang et al., 2021) ¥ Supervised
Learning ﬁgwm 6 LWUUT1809 Usenausme Wuudass 1) Decision Tree Model 2) Gradient
Boosting Model 3) K-neighbor Model 4) MLP Regressor Model 5) Random Forest Model
uae 6) Ridge Model Tneilsnwavidondal

3.5.1 Decision Tree Model

duasnsvhungldiaiuysnandeiana LaEAILUTANTIAUAIN TABNIN
311 uwvusaesiifinsiinu Tasmsuisgadoyaiamuadulasaisiulimudouly g
Usznaudae Root node iulvuaduuugavesdulsl Decision node ulnuadaidondi
\Aetestunudnuazves input Feannsaueneenidulvunges o \iafu uag Terminal
node Aaluuagarinevesiulifeylifivungos q devine Fausaslnun Ae Houlvandiuls
dast ieldlumsuisteyayaiSous (training data) Iildnwaizvo sy smafiunnsiaiu
wnfian aviuluudaslnue uwwudeessdendeulvaniuldaseiliaanulivians
VINqUAILUIAN (Impurity) ﬁwﬁqm 1ABAENAITUIINAT entropy #38 information gain
dmsunisviunedawsniudnunin eg1elsinuasiiatsanal mean squared error
(MSE) dwisunsviunedudseandsUiunm Tnefineanden @il

Root Node
Sub-Tree .

| ( i
Decision Node Decision Node

l ! }

|Termina| Node | Decision Node |Termina| Node l [Terminal Node |

! !

‘Terminal Node l ‘Terminal Node l

L5 J

AN 3.11 ANLARILATIAS19989 Decision tree
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1) Entropy
Entropy \HudaTanuliiuianivesnguiautsau (Impurity) Insdnda
entropy fifntes wansinieulvandiuusdasziidensnldlunmsutsioyaldrouteily
Tvusiiug saunsaduaas entropy TéfvEuns (3.12)

n
E(S) = Z —pilog; p; (3.12)
i=1
Taofi
E(S) Ao A1 entropy
n Ao IUIUNGUTRYaVRIRILUTAY
Pi Ao mﬁwqmaasﬁauﬂaﬁqmﬁmﬁa dndnveanguioyadl i vessuusnu

2) Information gain (IG)
Information gain (IG) 1Jusaiamuanadly entropy #eldlun1siansani
wusnandnunglaluusagardutulunsadausudsiuld Tnednda Information gain i
wn wanadeulvandudsdaseiidenulilunisuvsteyaldroudsilulvuatun

AIAUNIS 3.13

Information Gain = Entropyparent — ENtropycniiaren (3.13)

Tned
ENntroptyparent A9 A1 entropy VBIUUATIUE

A A

Ao Ao ALRRY entropy VeduwsazngumLUsIluluatuY Fail

EntrOPYChildren o o
ANTATUIN ANENNTT (3.14)

Y

Number of subnode i

X Ent bnode i
n Total number of parent node ntropy of subnode i (3.14)

EntrOPYChildren =

i=

3) mean squared error (MSE)
mean squared error (MSE) 1O uf7nmA11ud anainvesn1svinuieann

o dl’ = o U
LUUINGRDY YINGATATUIN ANPNENNTT (3.15)
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m
1 R )
MSE = — (% — %) (.15)
m .
j=1
Tne
M Ao Fuuleya
% Ao ANMLALIINNISAIUI
X Ao ALAL11INN19E1599

agslsfmuanunsausuAanauusenaudulll (Hyperparameter) Wiie il
wuudiaedliiusyansamanniian Ae 1. anudnvesiuls! mndednuuudiassiaziiay
Fudouindu deausndsmaliiin Overfitting ¢ 2. Srurudoyadusdniunisus
decision node #usioly 3. 1urudeyad usd1miy leaf node 4. $1uu leaf node 7
Foamslanansaiatuléunniian

3.5.2 Gradient Boosting Model

Hudsmsvhueldiasandsnudauing LaEFILUIAUTIRUAIN INdNNT
¥ UAEIY Random Forest dadunsiseuiandulsivarsfusgradudaszsoiu
Tuveuzdi Gradient Boosting (Friedman, 2001) azL‘%uﬁuL'%auimﬂ@Tulﬁﬁazﬁu Tngauldnu
usnaziieudandeyayaiseuiilaanmsdy wazazviueavesiuUsmuseAadsves
U938 ka23NITAILINAIAIUTANAIAVBILUUTIABY AIUAAILATIATI9VBIUUUTIABY
Gradient Boosting Tua1w 3.12 ImEJﬁ]ﬂﬁmﬁé’mﬁﬂﬁm%%’mﬂaﬁﬁﬂmEJE?@ (Weak Learners)
TunsduaAnuAawaiaveuuusiass ieidunsialenalidulidudaluldisous
Yoyafinefamand nsrvaunisdagyinuliauniidiauianaiavesuuudiassl

WagukUas
A | ™
&% ahf+
“il‘; T .;:.3‘
5 < &
]
Por v
+ |+
Sa KA
+
Iterations

A 3.12 uanslATIas19989 Gradient boosting



91

a1unsammuae leaming rate Wislikuudnaeslaseusnisasiataulunlven
ANNHANEIAYRIRUUTIRRUETIgA soaudsleuluimuuald lnelignsnisAruiaming
HANa1nveasiuudnaes asaunis (3.16)

Residue; = y +y * é; (3.16)
lagd
y Ao AadgveIkUIINUIINYAteYaLsBuIINAullAuLsn
14 A9 A1 learning rate

&

AD ANANURANAIATENINNAIDTY wazAvinuevesnulilfud i

3.5.3 K-nearest neighbor

uisnsvhueduusdelsinn neldwinnisidennqudeyagaiieud (training
data) fifldnwarlndiAssiudoyayanaaeu (test data) azviunesnnfigaumeaiiadoves
TyaymTeu; AeanalATIasaves K-nearest neighbor tunn 3.13 lagaiuisanivug
Sruudeyayaisoud ieduwvudasswesioyayamaaey (test data) Tns3nsinaay
Adeadesteya awvimsfuInsrervieszsteyalusiasiuysdasy Jsdasmluild
ffu et

az

A

VS I \

” ~
S S\ Y
] . )

/,_;, |
\

“ . ® Class (l) ‘\\\ / billss (") |

N e /} \& a 1
e ] 3 . Z \ 7

- ’. L 4 z
y - . . . )
/ @ Class (iii) /1
\ . . . J PP il
\ 4

> a1
AN 3.13 LaAslATIASI9UDY K-nearest neighbor
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1) Euclidean Distance
Euclidean Distance tJu38nsAuindmsuduysidsliunadienisoen
FINNABIVBINATINVBINAA NN Id0eTENINToya 2 Yalneresniiulsdase neilgns

ANSATIUIY A9ANNT (3.17)

Euclidean Distance = (3.17)

Tned
k AD JUIUMILUTDATY
& v o a a
Xi Vi A9 VOUAMILUTDATEN i

Y

2) Manhattan Distance
Manhattan Distance +JUASn15AUIMEINSUA MU TTIUS U NaTIY

YBINARAFUYTAlTENINTaYa 2 YalnavaamniuUsBasy lnedansnisAuim faauns
(3.18)

k

Manhattan Distance = ZIXi = il (3.18)
i=1

Taen
k AD JUIUMILUTDATY
A v v a a
Xi Vi AD VOUAMILUIDATEN i

Y

3) Hamming Distance
', a < aa o o Y Y] a Y v a
Hamming Distance {u3sMsAuadmsuiiwlslisnunn d1dayaiinan
wansaiuaglnasregrineseninedeya 2 yalaqiawiniu 1 luvaeiondeyadanviouiu
agliAnszuzmtavngy 0 Asauns (3.19)
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k

Hamming Distance = ) f(x;, Vi) (3.19)
=1
QRN
k A9 ULl IBATE
X0 Vi Ao veyamiuUsBasen i
_(Lxi=w
flxpy) = {0; x; # Y

3.5.4 MLP Regressor Model

[~ aa o y:)’ % a a % a = =1
Wudsnsviunelaviafnusanussusuna WazAILUINNLTIAUNIN F3LUUY

lAsaveUsea

Ay Useinnyd 9 (Neural network) 71 11AS9@S 19 UUNBET U B4

Usenaunie YUl (input layer) Sudssaianafgousd (hidden layer) 8¢9t 1 Fu
wazdunaans (output layer) Ine input layer azluduusndmsuidoyain Faduaulvun
(node) azxupgivduiudwlsdasemindinnsews luvaeil hidden layer lugudaud

WouAvy input
e lnguanal

Input <

layer lnglnuanndav84 input layer 9318 aufulnunvee hidden layer
ASIESE MLP fanw 3.14

Output
Input First Second Output
Layer Hidden Output Layer
Layer Layer

A 3.14 1A59a5719989 MLP Regressor Model
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Tnganunsarimuasiuiudy uazsuulnunvesusasduld ndsndt Hidden
Layer $U¥93au13910 Input Layer ka7 azyhnsUszananas el dudunse (Linear
Function) w&23 st nadngdlumuiady Activation function neuflazdsnandwssodstu
&l Tneazautuneumaniauasus iy hidden layer iifmualy shudis Output Layer #14
AUNITAN 9) il

1) Linear function

70 = yllgl-11 4 plt (3.20)
Tneh
AL AD NAGNSVDITUN |
wi AD ANUNMUNUDITUN
Al-1 AD NAGNSVITUN [ — 1
[l] A 1 Q" gj Qll
b AB ATAINVDIYUN [
2) Activation function
Al = £zl (3.21)
Tne
Al AD NAGNSYDITUN 1
[l] A 1 96’ U gj -'-N'
VA AB ATUINUNVDIYUN [
Ali-1 A9 WAANSTNLAINNITAIUIUTNINTULEUN TIVDITUT 1

Tnga1usaLaen Activation function lasasialuil
& aa

(1) Rectified Linear Units (Rel.U) Duileddudiduia
1NNIMTOLINNAY 0 July

gun1NAgn lneazlien

?(z) = max(0,2) (3.22)

Tnei
?(2) A Ao Naansylaan ReLU function

= I

z Ao ANvaIlaya
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(2) Siemoid function {TUMATUTALIET IS ULUUTIATIA 89N TYIUIEAIIY
urnduiivsiintuvesdaudsniu lngaslinagidos 0 89 1 Agnsaians

1
(z) =—— (3.23)
(2) 1+e72
QRN
0(2) fio Ao Naansylaan sigmoid function
z Ao ANvaslaya

fo aAao

(3) Tanh function (Juslaisuiiiansyazna18iy siemoid function usaelvm
g -1 69 1

Z

ef—e™?

?0(z) = tanh(z) = —— (2.24)
(2) (2) P
Ined

0 (z) D A NAANSTILAAN tank function

z g A1vetoya

AINNTEUIUNITIIIUN SUUAT NA1IUIH L38NNTTUIUNISU 1 Forward
. a ! gj [ a = ‘&J k24 A a ! . ° [
Propagation Belunintudanesyiuilazldnszuiunisnisunin Backward Propagation d135u
nsUTUNIdnes wisardnninlulsazlnuns1ee eanAIALAANAIAYBILUUTIADS
1nel975 Gradient Descent

3.5.5 Random forest

Hudsmsvhuweldiasulsnudauina LaEFILUIAUTIRUAIN INdNnT
¥i19uLuA B2 Decision Tree efinsi3susaindulififosdufoaindu Turued
Random Forest azfinsiFeuiuuy Ensemble sazidudandulsimanssuniouiu iloan
AuLUIUTIL wasifiuussAnsnmiigelundinafeusanduliifiosiuier nonadws
anneiildannisiuneinanmssundnadsandulifmuafidoud dmsunmsiune
fudsrndeUiunn vieinmadendaulsmuiitinnfignnndulifomniidous dms
msviuedulsmudsnunin nsamnsadvuadiuudulsl wazadug Wity
Decision Tree Lialldnadnsvosuvudransiiafian fuuandlassairsves Random Forest
Model Tunm 3.15
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AN 3.15 waEnIlASIAS19UD9 Random forest Model

3.5.6 Ridge Model

Wuisnisvhutedauundalsuin §edndnnisiiaundoudy Linear
Regression taefindnnis Ae nsviAmisimesane wWielildandiduialdan Cost
Function fietfeeiign @1 Cost Function Wusislunsussidiunrufianainvesiuudiass
sgieanaistuariviungldanuuusians Belundndu Ridge aiinisuszgnifldinada
Regularization laensiiia Regularized Term lun1sAuans Cost Function wiedaeane
FuUszand voaiiulsdase §eisananududeuvesuuudiass wazdestunisiin
Overfitting laen1sufial L2 Regularization Mifiuaunisidunss (Linear Equation) d1wsunis
Aules Cost Function feauns (3.25)

n m m
cost function = Z(yi — Z wjx;;)* + AZ w} (3.25)
i=1 7=0 7=0
Tned

n Ao Fuuleya

m A UL TBATE

Yi fio Toyamuusmudaui i

Xij fio Toyamudsdased j ddui i

w; Ao Anhudnuesiulsoase j (AdauUszans)

2 fio AmaTiaun’
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Taensusua 1 aefinaserduuszavdvessuusdassusasin daimualiidian
Ju 0 maneds Arduussaniveswuuiiassazdulunuuuusiass Linear Regression 34
annsnilugnisnin Overfitting 1 widimunen 2 guAuly avdawaliirduussanives
wuusaesiietosiuly deannsntilugniafa Underfitting femniissiduiidouden
1 A mnzay dieliuulaianududouvesuuusiaesnzanatesaiusyansamm Favild
Taensusuuaslaosnisiiwes (Hyperparameter Tuning)

3.6 N139AA1USZANSAN (Performance) ¥a3uuUI@a9 (Model Evaluation)

Tnevialuuds Machine Learning (ML) Uszunn Regression models ﬁ]ﬂﬁ%’auuamaé’wéﬁ
oo (continuous) @UITALTIUANNITAIUIA error lﬁLLUUﬁ} error = prediction -
actual 6?'7'\‘1 ML t5&n error function ﬁyﬁ'ﬁ “Loss function” ka1 u18UYBIN1T train
WUUI8BY ABNTS minimize W30aaA" loss Tﬁﬁﬁhﬁﬂﬁqm Fadu Sedosmswhetamnin 7
ANU1TORUINTTE LI NTENI 1A N93 AT Armn15alld (prediction) LaTAINTSITLA AT U
(actual) Avazld error vaauuUTIaBIDENI BesTaUsyansnmiildlaeialuves Machine
Learning (ML) Usetan Regression models

u3Ted uil 1419 evaluation indicators 7 19Taeva1y 1l eUsELTUAILLY UL
(Accuracy) Tumsvhusradnsvesusazuuuiiaes Sefideldegiamun 3 # 1dud Uszney
lUde R? (R-Squared), Root Mean Squared Error (RMSE) ag Mean Absolute Percentage
Error (MAPE) Tnedlseaziden sail

3.6.1 R?(R-Squared)

A1 R-Squared 1Hunansaddiildininaunsmsadinenaniiileg dvsnzaudy
Toyaunieeiiiedda vie Arduuszaviuananisdadula (Coefficient of Determination)
wio mduuseansuans n1sdnaulaluidedou (Coefficient of Multiple Determination) Tag
mﬁmwﬁmsamaaLLU‘U‘WV;@m (Multiple Regression) Fanumne e R-Squared f®
ApiuuUsvesiUsIudiesueldfegluaunsiefidusd A R-Squared azeglurag
0% - 100% F3f1 R-Squared ?Jqqq NUBEY am’mfummgauﬁu%’a%a wiAfdeulaung
Usensfigesiindeusuan R-Squared GRE Hxeuiu

1[0 - - D)
M Oy 0y
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A o

Aa IuIuteya

A AndeauninesgIuesmsdsg X

fio Andoauunasguvesmildinainnisdiuam ¥
Ao AfilFunannnsdsam

Ao Anadvvesmiilduiannisdsie

Ao Adildunannseuna

Ao AnadsvesmfilduIainnsAIuIn

3.6.2 Mean Squared Error (RMSE)

RMSE 1Judnnilasuad i lunlalunisuseidiuanuni ug1veawuusnaodnis

AIMNI5al §9 RMSE tdusiniiaesues MSE wagiiaulisedeidanainauinluguinnia

MAPE lagilansnisauin Seaunsn (3.27)

1 m

I~ o

Ao Fuudeya

Ao ANNlAUIINAITAILIN

D

D

Ao ANNANIINN1TEI52

3.6.3 Mean Absolute Percentage Error (MAPE)

MAPE 1Junisinauidugilunisvinuisssisnisnensal wazlaeyludein

JudusingAsssufign MAPE udiustnisusziliuanuuiudidfgign lneuusas
Y a v | v o a g s 2 & = °
ToranaInuseleyanTuiellanaanslngafeiluesidud (%) lnelgnsnisAuiu

Neauns (3.28)

~

1 UL X; — X
MAPE = — E —| -100% (3.28)
m i=1 X




Tnedi
M Ao 4
Ri ﬁa A
Xj ﬁa A

QWRIGHT
19 1AU19INAITAUIN
191AL19INN15E1979

71314 3.11 N1suUIHATEAUANLONABINIUE 1 VBIAT MAPE
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MAPE

FTAUAINANAD LU

<10% HAYDIN13AIAN1TAIIAINULILENE9HN (Highly Accurate Forecasting)

10% ~ 20% | WaveIn1smanIsalegluinueifi (Good Forecasting)

20% ~ 50% mamaamsmmmaaﬁammama (Reasonable Forecasting)

>50% navaIN1sAIANIsalliApeuLTetio(Weak and Inaccurate Forecasting)

fan: Lewis (1982)
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NanN152gkasnaIul (Result)

PnnsAnwIiunsukay BN uNTieziainmsal PM 2.5 ludlomdiuneunti
Tuundl 4 andunisiesginanisinuuasimuuuusaesiiindu FanansAnwrazgn
sidumssauinadnidendaus (Feature) fvzamasidazuuuiassdmivinnasna
WUUTa94 (Training set) Lazvinn1smagaeu (Test set) wazinuuinassuaazwialunageu
fugadeyalurhsnafifinsunsszuinyes Covid-19 (Testout Set) wuudrassusiazaiin Ing
yhnsvadeunuuTaesneyateyaluisiaiunnmeiy Yseneusie yadoyaadese
Ao 1asseiu wazadosedalus ilediasesifsnnuwiudveanuudianaisndny
azlBenvasvaaAneneiy 119t wuuSassusazinuarNNNITNAREUILYNATIAFDY
ANugAFBLar LB M nLNaeifi L TIadeuLUUTIaBY (Performance Criteria)
#28 R RMSE waz MAPE § i uad @ 19 duiduaina Tassisazidonnisiinsies
wamsAnw fifseluil

4.1 ansNATaULUUINGaY lagliandedayaluafn (No Historical Data)

MNMsLUINgudUsAng o luund 3 Tagld Random Forest Algorithm Litardndn
uwsdaseiifnadomulsmudeniianseniiasi wagldngusuusuionun 10 ngudu Tu
duil HfldunmeaeuLuuTRosefulsnduing 1 lneranisvageu axld R Ty
nsUssdunanuuiaemesiutsudazngy Fdlduanisnaaaunndsd ans1e 4.1 uanaua
IMAFBULUUSIaRS DecisionTree Tnglimndedayalusfin (No Historical Data) $391nngy
faudsiavun 10 nguiildnaaoy wud naududsi 4 Fadseneuludeiianisay (Wind
Direction) e3ususauanlys (CO) lulasiaulaoanlas (NO,) wazdumeu (PM 10) lungu
fauvsiiafigalunininlunadeunuudiasaia 3 LUU (Training set, Test set, Testout set)
Fafien R lndveais 3 wuusiaeaviniu 0.7683

159 4.2 UAAIHANNIVAABULUUTINGDY Gradient Boosting lnglalendudeyaluesin (No
Historical Data) Ssa1nnaudaudsvianan 10 nauillinadey wudt nduiuusd 7 Fsusznau
Lefirmnsay (Wind Direction) gauwgil (Temp) A1unne1n1e (BP) m1suausouantyn
(cO) lun3neanlast (NO) lulastaulnoonled (NO,) uazduneny (PM 10) iungusiuusia
ﬁﬁjﬂiuﬂ’]iﬁﬁlﬂmmﬁ@ULLUURTWa’e)ng\‘i 3 WUV (Training set, Test set, Testout set) Failen R?
ladBihU 0.8088
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A1974 4.1 NanIsnaaauIuIUusLls (Feature) Alglunnsasnakuuingass nsal Trainset,
Test set and Testout set Ya9LkUUI1@89 DecisionTree

. 91U Feature Performance Criteria (R?) vasyadaya
Mldnagoaunuudnaes Avg. R®
DecisionTree Training set Test set Testout set
1 0.6810 0.6595 0.5233 0.6212
2 0.7655 0.7507 0.5016 0.6726
3 0.7604 0.7427 0.7595 0.7542
q 0.7759 0.7674 0.7615 0.7683
5 0.7676 0.7260 0.7294 0.7410
6 0.7763 0.7307 0.7340 0.7470
7 0.7880 0.7508 0.7112 0.7500
8 0.6192 0.5558 0.6788 0.6179
9 0.6902 0.5435 0.6028 0.6122
10 0.6943 0.5782 0.5903 0.6209

AT 4.2 NANISNAADUINUIUAILUS (Feature) ﬁi“iﬂUﬂ’]’iﬂ%’NLLUU’iﬁaaﬂ nsel Trainset,
Test set and Testout set UBKUUINADY Gradient Boosting

. 91U Feature Performance Criteria (R?) vasyadaya
nldnagaunuuinass Avg. R®
Gradient Boosting Training set Test set Testout set
1 0.7209 0.6534 0.4892 0.6212
2 0.7986 0.7577 0.4809 0.6791
3 0.7840 0.7545 0.7513 0.7633
4 0.8202 0.7853 0.7591 0.7882
5 0.8750 0.7661 0.7259 0.7890
6 0.8822 0.7853 0.7382 0.8019
7 0.8688 0.8214 0.7962 0.8088
8 0.8327 0.7002 0.6833 0.7387
9 0.9134 0.6759 0.6510 0.7468
10 0.9246 0.7016 0.6530 0.7598

M54 4.3 LAAINANITNARBUKUUTNEBY K-neighbors lagliodetayaluedn (No
Historical Data) SsaMnnaudaudsvianan 10 nauillinadey wud1 nduiuvsd 4 Fsusznau
Ludedirmaay (Wind Direction) a1susuteusnles (CO) lulasiaulaeanlyd (NO,) uay
AUy (PM 10) Lﬂum&jméf’sLLUsﬁﬁﬁthmﬁﬁwiﬂmaauLLumi"laaqﬁgq 3 wuu (Training set,
Test set, Testout set) &sfien R 1Aguasiia 3 uuusaeavinfiu 0.7732
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M1319 4.4 KARINANISNAABULUUTIeY MLP laglidendudayaluafn (No Historical
Data) Faannauiautsienun 10 nauiilénaasy wudn nudiudsit 4 Fsusenaulude
#imvneas (Wind Direction) ansuauseuenten (CO) lulnsiaulasenlun (NO,) uazdumeny
(PM 10) Lﬂuﬂammwsmmmam‘iumiuﬂﬂmaauqumaaqm 3 WU (Training set, Test set,
Testout set) Bafien R? 1Asvasiia 3 wuusasasiiy 0.7769

M1379 4.5 WAAINANITNAABUKUUTIAY Random Forest Ingliiadudoyaluadn (No
Historical Data) %ﬂﬁ]’lﬂﬂfﬁﬂ@fﬁuﬂiﬁg\muﬂ 10 nguiilivieaey wuin ngusudsi 6 Fsuszneu
Luaaefian1say (Wind Direction) a31unaania (BP) Am1susutauanien (CO) lun3naen
last (NO) lulastaulnsanled (NO2) uagiuveny (PM 10) Wunguiulsinfaalunisiily
NAFOURUUTIABING 3 WU (Training set, Test set, Testout set) & <iiAn R? Lad sweri s 3
WUUIIRRUYINNY 0.7892

M1579 4.6 WAAINANIINAGDUKUUTIAEY Ridge Tneliandetayaluafin (No Historical
Data) #e91nngudauusienun 10 nquiildvaaeu wuin nquiudsi 4 Fsuszneuludae
#iFn19ax (Wind Direction) ansususauanien (CO) lulnsiaulaeenles (NO2) uagkuveny
(PM 10) Lﬂuﬂa:méhLLUiﬁﬁﬁﬁj@Iumsﬁﬂﬂmaauquaj’waaaﬁgq 3 Uy (Training set, Test set,
Testout set) Gufien R? lasvowis 3 wuudasaiitu 0.7004

A1574 4.3 NanTsnaaauIuIus Ll (Feature) Mlglunisasnakuuingad nsal Trainset,
Test set and Testout set Y9ILUUIIRDI K-neighbors

. 31U Feature Performance Criteria (R%) vasyadaya
nldnagaunuudnasy Avg. R®
K-neighbors Training set Test set Testout set

1 0.6736 0.6632 0.5343 0.6237
2 0.7664 0.7574 0.5151 0.6796
3 0.7627 0.7486 0.7392 0.7502
4 0.7915 0.7768 0.7515 0.7732
5 0.7910 0.7552 0.7233 0.7565
6 0.8083 0.7694 0.7281 0.7686
7 0.8238 0.7858 0.7043 0.7713
8 0.7977 0.6884 0.6133 0.6998
9 0.7901 0.6653 0.6207 0.6920
10 0.8001 0.6672 0.5754 0.6809
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A1979 4.4 NansNaaauINUIUs LU (Feature) Alglunnsasnakuuingass nsal Trainset,

Test set and Testout set YakUUINADY MLP

97U9U Feature

Performance Criteria (R?) ﬂaa‘qﬂ%’aga

ildnagaunuusians Avg. R?
MLP Training set Test set Testout set
1 0.4241 0.4296 0.1153 0.3230
2 0.7263 0.7232 0.4865 0.6453
3 0.7199 0.7152 0.7538 0.7296
q 0.7645 0.7703 0.7505 0.7618
5 0.7334 0.7243 0.7470 0.7349
6 0.7480 0.7499 0.6823 0.7267
7 0.7507 0.7601 0.7369 0.7492
8 0.6537 0.6266 0.6607 0.6470
9 0.6522 0.5993 0.6782 0.6433
10 0.6520 0.6249 0.6138 0.6302

A1574 4.5 Nan1sNaaauINLIUFwlS (Feature) MlglunnsasnakuuiInges NSl Trainset,

Test set and Testout set YakUUINADS Random Forest

97U9U Feature

Performance Criteria (R?) mawm%’aga

ldnasaunuusians Avg. R?
Random Forest Training set Test set Testout set
1 0.6829 0.6655 0.5120 0.6268
2 0.7768 0.7605 0.5353 0.6975
3 0.7851 0.7536 0.7239 0.7609
q 0.8114 0.7831 0.7441 0.7862
5 0.8123 0.7583 0.7296 0.7734
6 0.8335 0.7757 0.7384 0.7892
7 0.8277 0.7857 0.7325 0.7886
8 0.7428 0.6616 0.6858 0.7034
9 0.7377 0.6151 0.6837 0.6855
10 0.7351 0.6439 0.6683 0.6891
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A1319 4.6 NaN1INAABUITIUIUAILUT (Feature) Alglunisasiswuudiass nsdl Trainset,

Test set and Testout set Y99LUUINRDY Ridge

. 91U Feature Performance Criteria (R?) vasyadaya
Mldnagoaunuudnaes Avg. R®
Ridge Training set Test set Testout set
1 0.6186 0.6138 0.4770 0.5698
2 0.6798 0.6784 0.5248 0.6277
3 0.6676 0.6645 0.7179 0.6833
4 0.6883 0.6933 0.7196 0.7004
5 0.6567 0.6497 0.6832 0.6632
6 0.6654 0.6717 0.6882 0.6751
7 0.6723 0.6809 0.6861 0.6798
8 0.5573 0.5395 0.6433 0.5800
9 0.5641 0.5237 0.6357 0.5745
10 0.5572 0.5425 0.6224 0.5740

M1319 4.7 asUranisAndiendawlsvesiuudiaeviini 4 lnglienfeteyalussn
(No Historical Data)

R Feature o dd4 v 2

LUUI8DY ﬁmezam AU INNAVDY Avg. R

DecisionTree 4 ['WD(Deg), 'CO(ppm)', 'NO2(ppb), 'PM 10(ug/m3)’] 0.7683

GradientBoosting 7 ['WD(Deg), Temp(Deg.C), 'BP(mBar), 'CO(ppm), 0.8088
'NO(ppb)', 'NO2(ppb)', 'PM 10(ug/m3)

K-neighbors ['WD(Deg), 'CO(ppm)’, 'NO2(ppb)’, 'PM 10(ug/m3)' 0.7732

MLP ['WD(Deg), 'CO(ppm), 'NO2(ppb)', 'PM 10(ug/m3)] 0.7618

RandomForest ['WD(Deg), '‘BP(mBar)', 'CO(ppm)’, 'NO(ppb)', 0.7892

'NO2(ppb)', 'PM 10(ug/m3)']
Ridge 4 |['WD(Deg), 'CO(ppm), 'NO2(ppb), 'PM 10(ug/m3)] 0.7004

nNRaNIINAdeUMKUTAluNTasawuuTIaes anansaasunan snaae Uiz ay

VgAvBLAazIUUTIEDY A998 4.7

1ABNNANISNAABUT AU WU NNTIUVBINANIANEINLUUINEY GradientBoosting
frausiugh (R) gafign anuaty Random Forest, K-neighbors, DecisionTree, MLP uag Ridge
il §338levinsnsinasuaNugniesiazANLLLug N NN lYnTIadeU

wUUINa89 (Performance Criteria) N1aa978 RMSE wag MAPE laglananisnaaauannei
wUsTmNzadluwmazkuudIand fall
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Fofiansansansmaaeuveanuudiaedunsdl Traning Set uag Test Set lusnsne 4.8
WU AL UE1TeITRIM VLTIt e 2 drudauuduigeiiandenaaeudas
LUUINA8Y Gradient Boosting %ﬂ%ﬂﬂﬁqﬂﬁauﬂa Traning Set 17 R? =0.8688 q\iﬂd%wmﬁam
Test Set 4 ¢l R? = 0.8214 M 1A 8L UUT109 Random Forest Wag LUUTIABY MLP
fusgansnmifigalofisuiuuuudiassiadu

Sofinsanammaaeuvesuuuiassitliyateya PM 2.5 Tuisiifinnsunsszuinves
Covid-19 %50138n31 N3 Testout Set Tum1519 4.9 WU AULLINEIVDIVBIMUUTIADITL
finnuusiudigeiigaid onageuseuuudiass Gradient Boosting Felénanisnaaey R
=0.7962 AaifeuuU91aes Random Forest uay LuUTaed Ridge SUsyansnmeiianiile
Weufuuuudrassuiindu

A1374 4.8 KANTINAAOUAINYNFBILATANLLINEIBUUUTIAY Training set wae
Test Set ngldordedayaluadn (No Historical Data)

. Training Test

R? RMSE MAPE R? RMSE MAPE
Decision Tree 0.7759 8.4434 35.15% 0.7674 8.6631 35.34%
Gradient Boosting 0.8688 6.5459 21.53% 0.8214 8.1684 26.79%
K-neighbors 0.7915 8.1444 33.40% 0.7768 8.4879 34.14%
MLP 0.7645 8.6563 35.68% 0.7703 8.6089 35.11%
Random Forest 0.8335 7.3898 25.08% 0.7757 8.6443 28.52%
Ridge 0.6883 9.9582 40.03% 0.6933 9.9480 39.63%

f19149 4.9 Nﬁﬂ?ﬁ%ﬂﬂ@Uﬂ'ﬂﬂJQﬂé]}aﬂLLa%ﬂ’J']llLLSJHET']GUENLLUUQO']@EN Testout (COVid—19
Pandermic) Iﬂ&hjmﬁ’aéﬁagﬂuaﬁm (No Historical Data)

N = Testout (Covid-19 Pandermic)
R? RMSE MAPE
Decision Tree 0.7615 7.6303 36.77%
Gradient Boosting 0.7962 7.0337 29.92%
K-neighbors 0.7515 7.7893 35.85%
MLP 0.7505 7.8567 31.73%
Random Forest 0.7384 7.9845 34.85%
Ridge 0.7196 8.2743 35.22%
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4.2 NAN1INAFBULUUINGRY lngandudayaluadn (Model Results by
Historical Data)

a ¢ v z;{l v P d' U 1 L7 4 !

PnNTIAszideyaiiesiuluuni 3 iRetuAAUdNTUYeY PM 2.5 A1u9I93an
Ane 9 WU Tuneaziaaan ArmudNtuYes PM 2.5 azldvindu udlulsaziu vselhou
= [ a v N v = ! v & 4 Y 2 ! a
Fenseiunuide vsedeyanisAnuiluneuntl Jaandviiuimginssuves PM 2.5 uaz
A15UaRNENNBINIAATIAIN 9 AUBYAUTINIAG 9 A7e

dmsunisiiteya PM 2.5 119 2.3 arugateyaiidueynsunarlldlunisneaeu
wuudaes §33elavianuduiusdnlud@ (Autocorrelation) lien1AIUFUNUS VDY
doyalusanfidsotoya s UaaUu laenudn yadeyaluedniaziuildlunisnaasy

a

wuudaed Welilakan1sAnuiiivssdansainuniian fe yadeyabusiig 365 Ju wie 1 U
Ingnudn danuduiusredeyalulagduegi 0.35 wivinazdyadeyaluiisiatiuinnii
365 JulUldlunsveaeuwuudiaes anuduiusvesyndeyalusfnreyndoyaluliagiu Ads
anteas AuawU Aauanslunin 4.1

S X vmw =vyo o ¢ v | ! | = Y a

el fAdeFdlavinsdunsiendeya PM 2.5 mutiaiainne 9 Wi ndesedslus iy
87U wazlafe ey WeNraINITAIATIERAAINkINgITa LTI UAarYilaly
nsfindeyaianuazideauwnn1eiu lneseaziBenvain1suuedaya PM 2.5 Auga93a

(%

Wusadl

Lag of pm2.5 fa A1 PM2.5 Ufisinumun (pm2.5_lag)

-0.25

Autocorrelation

-0.50

-0.75

-1.00 !
250 365 500 750 1,000 1,250 1,500 1,750
Lag by Day

Autocorrelation plot.

A 4.1 1591 Autocorrelation plot vasdeyaTeiy
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4.2.1 dayas1 PM 2.5 \adesedou (Lag by Month)

Taedoyarn PM 2.5 lwdseiiou (Lag by Month) fuinanndeya PM 2.5 Tag
wde ludeufsrtuvesdneund wenfuamussazaand wasiundu 1 ludus
(Feature) @MSUNAADULUUIINDY

NATUUING UAILUTAN9 Tuundi 3 Taeld Random Forest Algorithm Lile

a Aa o o A = o a e vaw WY a o
ﬂ']‘ﬂﬂf”'nLLﬂi@ailellNaCﬂ@ﬁnLLﬂiG]']ﬂJu@EJVI?!@@@ﬂVIaSW'J Imaﬂﬁﬂmﬁwu E‘JJ'J‘UEJ"L@ILWQJW'JLLﬂi

=

Fafuteyar PM 2.5 ladesieiieu (Lag by Month) wagldnguiuusinianan 14 nay
ihlunadeuuuusiassia 3 wuy (Training set, Test set, Testout set) IngNANIINAGOU %
14 R TunsuseidunauuudassvesiiuUsusazngy deldnanisaaouduandluniiig
4.10 UARSHANTNAABULLUT R0 6 3in
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A1579 4.10 NAN1TNAFBUTIUIUAILYS (Feature) M 19lUn19a@319UUUTI1a09 nFal Training set, Test set, Testout set DILUUITIABY
¥4 6 wilo Weliudiwls (Feature) Mludayar PM 2.5 wassieidiou (Lag by Month)

2 » R? of Gradient 2 . : : : .
R® of Decision Tree R” of K-neighbors R® of MLP R® of Random Forest R” of Ridge
Feature Boosting
Group Avg. Avg. Avg. Avg. Avg. Avg.
Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test | Testo R?
1 0.7410(0.7338|0.5913[0.68870.7505 [ 0.7326 | 0.5789 | 0.6873]0.7384 [ 0.7353 | 0.6106 [ 0.6947]0.6789 [ 0.6787 | 0.2941 | 0.5506 | 0.7420 | 0.7371 | 0.6063 | 0.6951 | 0.6655 | 0.6647 | 0.5501 | 0.6267
2 0.8488(0.8270|0.7643(0.8134]0.8592(0.8442|0.7746 | 0.8260]0.8466 [ 0.8325|0.7651 [ 0.8147]0.7904 [ 0.7936 | 0.7258 | 0.7699 | 0.8478 | 0.8355 | 0.7867 | 0.8233]0.7099 | 0.7078 | 0.7378 | 0.7185
3 0.8684 {0.844410.7505 [0.8211]0.8877 | 0.8667|0.7641 | 0.8395]0.8642 [ 0.8408 | 0.7567 | 0.8206 | 0.8236 | 0.8205 | 0.7629 | 0.8023|0.8763 | 0.8557 | 0.7754 | 0.8358 | 0.7301 | 0.7264 | 0.7253 | 0.7272
4 0.8765(0.8449|0.7446 [0.8220] 0.8945 [ 0.8670]0.7827 | 0.8480]0.8726 [ 0.8504 | 0.7750 {0.8326] 0.8324 [ 0.8232|0.7721 | 0.8092]0.8841 | 0.8578|0.7838 | 0.8419]0.7362 [ 0.7316 | 0.7384 [0.7354
5 0.8621{0.8344|0.7533(0.8166|0.8935|0.8630]0.7911 | 0.8492]0.8624 [ 0.8390|0.7711 {0.8242] 0.8200 [ 0.8218 | 0.8006 | 0.8141 ]0.8811 | 0.8558 | 0.7954 | 0.8441 |0.7251 | 0.7309|0.7272 |0.7277
6 0.8713(0.8443|0.7183(0.8113]0.9221 [ 0.8930|0.7998 [0.8716] 0.8659 | 0.8344 | 0.7646 | 0.8217]0.8299 [ 0.8292 | 0.7856 [0.8149]0.8973 | 0.8663 | 0.7988 [0.8541]0.7297 | 0.7281|0.7307 | 0.7295
7 0.8540(0.8077|0.7154 {0.79240.9235|0.8452|0.7787 | 0.8491]0.8425 [ 0.8187 | 0.7516 | 0.8043] 0.8140 {0.8094 | 0.7311 | 0.7848 | 0.8824 | 0.8387 | 0.7900 | 0.8370]0.7164 | 0.7150|0.7143 | 0.7152
8 0.8459(0.7929|0.7603 [ 0.7997]0.9134 | 0.8406 | 0.7746 | 0.84290.8692 [ 0.8114 | 0.7209 | 0.8005] 0.8209 [ 0.8083 | 0.7737 | 0.8010 | 0.8864 | 0.8289 | 0.7891 | 0.83480.7203 | 0.7202|0.7118 [ 0.7174
9 0.7189(0.6654|0.6752|0.6865]0.9743 | 0.7535]0.6736 | 0.80050.8301 [ 0.7257 | 0.5994 | 0.7184] 0.7396 | 0.7025 | 0.6442 | 0.6954 | 0.8334 | 0.7304 | 0.7263 | 0.7634|0.6316 | 0.6075| 0.6319 | 0.6237
10 0.7746 {0.7016|0.5473[0.6745]0.8935 | 0.7705]0.6723 | 0.7788]0.8328 | 0.7406 | 0.5583 [ 0.7106 ] 0.7340 [ 0.7369 | 0.6574 | 0.70950.8380 | 0.7394 | 0.7129 | 0.7634 | 0.6301 | 0.6347 | 0.6368 | 0.6338
11 0.7533(0.72640.54450.6747]0.9497 | 0.8028 | 0.6724 | 0.8083]0.8312 | 0.7623|0.5788 | 0.7241]0.7417 | 0.7470| 0.6703 | 0.7197 | 0.7990 | 0.7610 | 0.7209 | 0.7603 | 0.6399 | 0.6581 | 0.6337 | 0.6439
12 0.7552(0.7250|0.5641 {0.68140.9264 | 0.8072|0.6755 | 0.8030}0.8114 [0.7700|0.5716 [ 0.7177] 0.7609 [ 0.7557 | 0.6097 | 0.7088 | 0.8463 | 0.7864 | 0.7280 | 0.7869 | 0.6486 | 0.6444 | 0.6272 | 0.6401
13 0.7587(0.7040|0.6141 {0.6923]0.9757 | 0.7851 ] 0.6337 | 0.7982]0.8329 [ 0.7381 | 0.5640 [ 0.7117] 0.7760 [ 0.7476 | 0.6099 | 0.7112]0.8541 | 0.7617 | 0.7063 | 0.7740 | 0.6401 | 0.6433 | 0.5873 | 0.6235
14 0.7627(0.6976|0.6135[0.6913]0.9831 | 0.8028 | 0.6462 | 0.8107 | 0.8306 | 0.7487 | 0.5687 [ 0.7160] 0.7578 | 0.7466 | 0.6430 | 0.7158 | 0.8338 | 0.7632 | 0.7104 | 0.7691 | 0.6415 | 0.6336 | 0.6113 | 0.6288

NUBLUR : Train fo Training set, Test fio Test setuay Testo Ao testout-set data




109

21091374 4.11 1U31 wuusass DecisionTree Iinguiudsiimnganiiane
naufuls 4 Fadsznoulusefianisan (Wind Direction) uvenu (PM 10) {uazifeon
(PM 2.5) founds uagimiinvasiiuaudiou (Month) dounds Jaudungusuusiiaigaly
nstlUnegeuLuUSIaeRa 3 WUy (Training set, Test set, Testout set) ff1 R? LaAeveq
71 3 wuudaeawhiy 0.8211

uuUS1aes GradientBoosting lnguianlsiimngauiianie ngufuUsi 6 3
Usenaulumeiirnisay (Wind Direction) msusutausnten (CO) lun3neanlan (NO) Hu
U (PM 10) fuaziden (PM 2.5) foundy waziwiinvessumifiou (Month) Sounds 39
Lﬂuﬂq'uéi”;LL‘Uiﬁ'ﬁﬁ'qﬂiumiﬁﬂﬂmmaauLLUU%"W@@W‘FQ 3 WU (Training set, Test set,
Testout set) fif1 R? ldavosris 3 uuusaevinfiu 0.8716

LUUTIa89 K-neighbors Idngquiinusiimanzauiignie nquinusi 4 3
Usenaulusefianisay (Wind Direction) Hune1u (PM 10) {uaziden (PM 2.5) Goumnas
wazimingesdauion (Month) Seunds Fadunguduusiidfiasluninilunaasy
LUUSIAD9 3 UUU (Training set, Test set, Testout set) &A1 R WABUDI 3 WUURIADS
Wiy 0.8326

wuudiaes MLP Iénguiudsivsngauiianie ngududsi 6 deusznauluse
#iAn19ax (Wind Direction) m1sususauantas (CO) lunsnaanleys (NO) Huneu (PM 10)
Huaziden (PM 2.5) dounas wazthwinvassuawmieu (Month) deunds Fadungusuys
‘1/|@wamiumiuﬂﬂwmaa‘uLLUUf\]’laEN‘VN 3 WUy (Training set, Test set, Testout set) A" R?
Aot 3 uuusaevinfy 0.8149

wuud1aes Random Forest lengudanysiivanzasdignie nguinusi 6 3
Usenaulumeiirniday (Wind Direction) msusutausnles (CO) lun3neanlan (NO) Hu
ey (PM 10) fuaziden (PM 2.5) Sounds uazthmiinvesduawieu (Month) Sound 39
L‘ijuﬂa;llﬁ’aLL‘lJ‘iVIdIﬁﬁﬁﬂi‘l&ﬂ’]iﬁﬂﬂ%ﬂﬁauLLUUQOWaENVIgQ 3 WUV (Training set, Test set,
Testout set) fif1 R? lBvesis 3 uuushasavinfu 0.8541

LuUd1a09 Ridge Ifnguinusimnganiigafo nquiudsi 4 feusznevly
Fefianisau (Wind Direction) Humenu (PM 10) Huaziden (PM 2.5) Seunds uaziiinin
Y933 1UURBU (Month) dounea ezmLﬂuﬂammu,ﬂiwmwamiumiuﬂﬂmaauLLUUfmamm 3
LUV (Training set, Test set, Testout set) A R? LQ@EJ“UEN‘VN 3 WUUIRBUNINY 0.7354
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M1319 4.11 agunanisAmdendauusdmsuilviinsgiuuuinass nsaliiudiudsvoya
yael PM 2.5 ladgsigiieu (Lag by Month)

R Feature o 44 v 2

LLUUIEaDN o AU SNNEIUD Y Avg. R
NRUSEHU

DecisionTree 4 ['WD(Deg)', 'PM 10(ug/m3)’, 'PM 2.5(ug/m3) lag'] 0.8220

GradientBoosting 6 ['WD(Deg)', 'CO(ppm)', 'NO(ppb)', 'PM 10 (ug/m3), 'PM 0.8716
2.5(ug/m3) lag', 'Month WOE']

K-neighbors 4 ['WD(Deg)', 'PM 10(ug/m3)', 'PM 2.5(ug/m3) lag', 0.8326
‘Month WOE]

MLP 6 [WD(Deg), 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)", 'PM 0.8149
2.5(ug/m3) lag', 'Month WOE']

RandomForest 6 ['WD(Deg)', 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)', 'PM 0.8541
2.5(ug/m3) lag', 'Month WOE']

Ridge 4 |'WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag), 0.7354
'Month WOE']

1A8AINNANITNAFBUT AU WU AINTINVDINANITANEIVINUUUTIA D
Gradient Boosting dAa1uuaiug (R?) qqﬁqm A1UA18 Random Forest, GradientBoosting,
K-neighbors, DecisionTree, MLP wag Ridge ¥l §3d8l#vinsnsaaeuninugnieuas
AURIUEINE NNl RsIadeULUUTIaBY (Performance Criteria) Tiwidadae RMSE
waz MAPE Tngldnansnadeuanndaudsiivanzasluusdazuuusiass sl

Jlofinnsananisnaadeuvaawuusiaeslunsd Traning Set uae Test Set Tu
AN519 4,12 WUTN AL YEIUR IS ADITBT 2 ahuﬁmmLLajuﬁwqaﬁqmﬁamaau
#28UUUT1A09 Gradient Boosting 4 1910y Ataxa Traning Set lel R? =0.9221 g 3191
LUUS1a84 Test Set 9l¢ R? = 0.8930 mudiewuUSIa0e Random Forest uay WUUSIA0Y
Ridge HuszAvSnmiiigaillaiisufunuudiassiindy

idefansannanisnaaeuresuuiiassiildyndeya PM 2.5 Tusheifinisuns
55UIMVBY Covid-19 “3a138n11 n3el Testout Set Tum1919 4.13 WUI1 AULN UGBS
Lmuaj’waaq%ﬁmmLLﬂuﬁwgaﬁquﬁamaaué’aamei’waaa Gradient Boosting #4léHanas
NAday R? = 0.7998 muMeluudnass Random Forest Wag Luudnaed Ridge fuss@nsaw
mianileifiuiuuuusassiingy
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M1314 4.12 HANTNAFBUANUYNABILAXAINUIUEIVBILUUTIAR Training set Uay
Test Set lngodudoyauarl PM 2.5 ladgsieieu (Lag by Month)

— Training Test
R? RMSE MAPE R? RMSE MAPE
Decision Tree 0.8765 6.4229 27.42% 0.8444 6.9565 28.69%
Gradient Boosting 0.9221 5.3487 25.76% 0.8930 6.4423 27.44%
K-neighbors 0.8726 6.3165 25.95% 0.8504 6.8415 28.83%
MLP 0.8299 7.4407 32.73% 0.8292 7.4717 32.61%
Random Forest 0.8973 5.7815 27.44% 0.8663 6.6112 29.65%
Ridge 0.7362 9.0880 36.52% 0.7316 9.1631 36.47%

M1979 4.13 NANIINAFBUAINYNABILATAIUKNUEIITBIUUUTIABY Testout (Covid-19
Pandermic) lngendedayayarl PM 2.5 ladgsiewiau (Lag by Month)

— Testout (Covid-19 Pandermic)
R? RMSE MAPE
Decision Tree 0.7505 7.4635 35.38%
Gradient Boosting 0.7998 7.7946 30.14%
K-neighbors 0.7750 7.5931 33.04%
MLP 0.7856 7.6058 31.68%
Random Forest 0.7988 7.3680 32.01%
Ridge 0.7384 8.1863 35.85%

4.2.2 Yayann PM 2.5 \ade3183u (Lag by Day)
lnedayas PM 2.5 \ndes1eu (Lag by Day) AINAINTaYa PM 2.5 Tneads
TuSufidudounds 1 Ynowmin wonuanuwiazaons wazthundu 1 Tushuds (Feature)
dnSunegEpuLuUIIas
ANTuUanguAanUseneg Tuund 3 1neld Random Forest Algorithm Lile

o Y w

infulsdasenilnarefmuusmutesiigneaniiazsin lnen1sinsienil fdelaiiudiuys

1
=

Fadutoyar PM 2.5 \ds13u (Lag by Day) LLazlﬁﬂdmﬁaLLUimwﬁgammm 14 ngu 1l
VARDULUUIIADINA 3 LUy (Training set, Test set, Testout set) lngnan1snagou azly R
TunsUssifiunanvudiasswesduusudazngy dsldnanismaasudanandunsne 4.14
LAPINANNSNAFDULUUS 8091 6 Bin
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A1579 4.14 NaN1TNAFBUTIUIUAILUS (Feature) M 19lun19a@319UUUT1a09 nSal Training set, Test set, Testout set DILUUITIABY
19 6 wilo Weliudiuwls (Feature) Mudoyad PM 2.5 wdes13u (Lag by Day)

2 » R? of Gradient 2 . : : : .
R® of Decision Tree R” of K-neighbors R® of MLP R® of Random Forest R” of Ridge
Feature Boosting
Group Avg. Avg. Avg. Avg. Avg. Avg.
Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test | Testo R?
1 0.7431{0.7280|0.5827[0.6846|0.7522 | 0.72640.5761 | 0.6849|0.7399 [ 0.7281 | 0.6095 [ 0.6925] 0.6735 [ 0.6673 | 0.3098 | 0.5502 | 0.7435 | 0.7302 | 0.6051 | 0.6929 | 0.6659 | 0.6623 | 0.5482 | 0.6255
2 0.8100(0.7885|0.7465[0.7817]0.8941 | 0.8352]0.7270 | 0.8188]0.8135 [ 0.7930 | 0.6506 | 0.7524] 0.7656 | 0.7664 | 0.1374 | 0.5564 | 0.8351 | 0.8034 | 0.7734 | 0.8040 | 0.7077 | 0.7026 | 0.7036 | 0.7046
3 0.8396 (0.8144|0.7481 [ 0.8007 | 0.9333 | 0.8644 | 0.7267 | 0.8415]0.8458 | 0.8211 | 0.6434 {0.7701]0.8187 {0.8132|0.4022 | 0.6780 | 0.8658 | 0.8313 | 0.7706 | 0.8226 | 0.7295 | 0.7232|0.7090 | 0.7206
4 0.8600 [0.8363|0.7645 [0.8203]0.9448 [ 0.87780.7910 {0.8712]0.8715 [ 0.8422 | 0.7592 {0.8243] 0.8309 [ 0.8312|0.7718 [0.8113]0.8802 | 0.8525 | 0.7881 [0.8403]0.7355 [ 0.7312|0.7382 [0.7350
5 0.8459(0.8246|0.7682[0.8129]0.9359 [ 0.8732|0.7574 | 0.8555]0.8667 | 0.8302 | 0.7475|0.8148] 0.8216 | 0.8224 | 0.7960 | 0.8133]0.8698 | 0.8444 | 0.7779 | 0.8307 | 0.7247 | 0.7268|0.7315 | 0.7277
6 0.8523(0.8140|0.6705[0.7789]0.9510 | 0.8699 | 0.7496 | 0.8568 | 0.8705 | 0.8250 | 0.7442 | 0.8132]0.8312{0.8229|0.7993 | 0.8178|0.8901 | 0.8457 | 0.7731 | 0.8363|0.7274 | 0.7269 | 0.7380 | 0.7307
7 0.8469(0.8111|0.6801 [0.7794]0.9267 | 0.8605|0.7564 | 0.84790.8724 [ 0.8167|0.7119 [ 0.8003] 0.8060 [ 0.8109 | 0.7607 | 0.7926 | 0.8849 | 0.8450 | 0.7622 | 0.8307 | 0.7102 [ 0.7073|0.7216 | 0.7130
8 0.845410.8051|0.6651[0.7719]0.9658 | 0.8735]0.7217 | 0.8536 | 0.8874 [ 0.8168 | 0.6889 [ 0.7977] 0.8120 { 0.8065 | 0.7598 | 0.7928 | 0.8688 | 0.8330 | 0.7307 | 0.8108|0.7148 | 0.7210|0.7120 [ 0.7159
9 0.7432(0.6333|0.5704 [ 0.6489]0.9868 | 0.7662|0.6073 | 0.7867 | 0.8285 [ 0.7247 | 0.5931 [ 0.7154] 0.7274 | 0.6832 | 0.6799 | 0.6968 | 0.8367 | 0.7186 | 0.6457 | 0.7337|0.6176 | 0.5826 | 0.6423 | 0.6142
10 0.7862[0.6659|0.49740.6499]0.9642|0.7723]0.5953 | 0.7772]0.8372 [ 0.7341 | 0.5243 | 0.6986 ] 0.7364 [ 0.7122 | 0.5978 | 0.6821 | 0.8626 | 0.7334 | 0.6239 | 0.7399]0.6143 | 0.6141 | 0.6332 | 0.6205
11 0.7310(0.6764|0.6329 [0.68010.9495|0.7894]0.6313 | 0.7901]0.8081 [ 0.7392|0.5724 | 0.7065] 0.7458 | 0.7197 | 0.6079 | 0.6911 | 0.8298 | 0.7486 | 0.6927 | 0.7571|0.6233 | 0.6221 | 0.6411 | 0.6289
12 0.7527{0.6560|0.4334 {0.6140]0.9703 |0.7716 | 0.5866 | 0.7761 ] 0.8489 [ 0.7328 | 0.5261 | 0.7026 ] 0.7509 [ 0.6986 | 0.5766 | 0.6754 | 0.8360 | 0.7148 | 0.6084 | 0.7197 | 0.6326 | 0.6142 | 0.6332 | 0.6267
13 0.7611(0.6798|0.5898 [ 0.6769]0.9455(0.7829]0.6111 | 0.7798]0.8367 | 0.7501 | 0.5472|0.7114]0.7685 [ 0.7177 | 0.6040 | 0.6967 | 0.8768 | 0.7509 | 0.6376 | 0.7551]0.6213 | 0.6187 | 0.6111 [0.6171
14 0.7184{0.7046|0.6160 [ 0.6797|0.9677 | 0.8152]0.6044 | 0.7957|0.8348 [ 0.7489 | 0.5512 0.7116] 0.7491 | 0.7346 | 0.5904 | 0.691410.8642 | 0.7752 | 0.6075 | 0.74900.6195 [ 0.6199 | 0.6154 | 0.6182

NUBLUR : Train fo Training set, Test fio Test setuay Testo Ao testout-set data
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21191374 4.15 1UI1 wuusiass DecisionTree linguiudsiimanganiiane
nguiuUsi 4 Fausznevludaefiavisas (Wind Direction) funenu (PM 10) juaziden
(PM 2.5) founds uagimiinvasiiuaudiou (Month) dounds Jaudungusuusiiaigaly
nstlUnegeuLuUSIaeRa 3 WUy (Training set, Test set, Testout set) i1 R? LaAeves
1 3 wuusiasaiify 0.8203

uuUd1aes GradientBoosting linguianlsimngauiianie ngufuUsi 4 3s
Usznaulualgfianisas (Wind Direction) Huvieu (PM 10) {uaziden (PM 2.5) daumnea
wazihiinvassiuiuiou (Month) dounds fadunquiulsiiafianlunisiilunaaey
LLUUﬁi’ﬁaaﬂﬁgﬂ 3 WUV (Training set, Test set, Testout set) i@ R? Lagﬂsuaﬂﬁg\‘i 3 LUUINADY
Wy 0.8712

LUUTIa89 K-neighbors Idngquiinusiimanzauiignie nquinusi 4 3
Usenaulusefianisay (Wind Direction) Hune1u (PM 10) {uaziden (PM 2.5) Goumnas
wazimingesdauion (Month) Seunds Fadunguduusiidfiasluninilunaasy
LUUSIAD9 3 UUU (Training set, Test set, Testout set) &A1 R WABUDI 3 WUURIADS
Wiy 0.8243

wuudiaes MLP Iénguiudsivsngauiianie ngududsi 4 feusznauluse
fiemnaau (Wind Direction) {luve1u (PM 10) duagiden (PM 2.5) founds uaztuinves
FUIULABY (Month) gaumes ezquuﬂammwiwm/lamlumsmlﬂmaauqumaaam 3
LUU (Training set, Test set, Testout set) A R Laaaﬁuaflm 3 WUUTIABUMIAY 0.8113

wuudnaes Random Forest lmnqumwimmmzawqma ﬂqmmu,ﬂw 4 3
Usgnauluaiedianisau (Wind Direction) Hunenu (PM 10) {uazidun (PM 2.5) Sounds
uazimingesdauion (Month) Seunds Fudunquduusiidfiasluninilunaasy
LUUSIAD9 3 UUU (Training set, Test set, Testout set) A1 R lABUDI 3 UWUURIADS
Wiy 0.8403

U109 Ridge ¥ nguinusimnzaniigaie nquiudsi 4 feusznevly
Fefianisau (Wind Direction) {umenu (PM 10) Huaziden (PM 2.5) Seunds uagiinuiin
Y9I1UIUABU (Month) GouUmnas szLUuﬂaumLmsmwa@’tuﬂﬁuﬂw@aauLmumamm 3
LUV (Training set, Test set, Testout set) A R? L%EJGUENW 3 WUUTI88NIAU 0.7350
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M1319 4.15 agunanisAndendiisdmsuilviinsgiuuuinass nsaliiudiudsveya
A1 PM 2.5 1ades518iu (Lag by Day)

R Feature o 44 v 2
LUUINEBY o ALUTNLNYIVDY Avg. R
NRUSHU

DecisionTree 4 |'WD(Deg), PM 10(ug/m3), 'PM 2.5(ug/m3)_lag, 0.8203
'Month WOE']

GradientBoosting] 4 [['WD(Deg), 'PM 10(ug/m3),, 'PM 2.5(ug/m3)_lag', 0.8712
'Month WOE']

K-neighbors 4 ['WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag, 0.8243
'Month WOE']

MLP 4 |[WD(Deg), PM 10(ug/m3), PM 2.5(ug/m3)_lag, 0.8113
'Month WOE!]

RandomForest a4 [WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3)_lag', 0.8403
'Month WOE']

Ridge 4 |['WD(Deg), 'PM 10(ug/m3), PM 2.5(ug/m3)_lag, 0.7350
'Month WOE']

1A8AINNANITNAFBUT 1A U WU AINTINVDINANITANEIVINUUUTIA D
GradientBoosting AA213 i ugn (R Ejjx‘i‘ﬁlaqm M130 18 Random Forest, K-neighbors,
DecisionTree, MLP, ua Ridge i H338lAvinNInTIaaeUANgNABILALANLINEIAN
wanNAITERTI9deULUUSIaeY (Performance Criteria) Tndadae RMSE waz MAPE lag
I§uansvaaeuanfudsiimnzadluusasuuusiass fail

Jlofinnsananisnaaeuvaawuusiaeslunsd Traning Set wae Test Set Tu
AN519 4,16 WUTN ANULAIUE DI IUUUS A0V 2 ehuﬁmmLLajué’wqaﬁquﬁamaaU
fa8uuUT1a0e Gradient Boosting @ 1310 adasa Traning Set bl R? = 0.9448 g3n91
LUUS1a84 Test Set 39l¢ R? = 0.8778 mnudnewuusIaes Random Forest uay wUUsI@eq
Ridge HuszAvsnmiiigaillaiisufunuudiassiindy

defansannanisaaeuresuuitaesiiltyndeya PM 2.5 Tusheiisinisuns
58U1084 Covid-19 #38158n71 N3al Testout Set Tum1519 4.17 WU ANULNUEIUDIVDY
Lmuﬁwaaa%ﬁmmLLaiuel’wqﬂﬁqﬂLﬁawﬂaaué’amwuﬁwaaq Gradient Boosting FldnanIs
NAdaU R? = 0.7910 MNMELUUINa89 Random Forest Wag LuuUdNaed Ridge duse@nsaw
mianileifiuiuuuusiassiingu
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A1319 4.16 NANTNAFDUANNYNABILALAULLUUI1VBILUUTIADY Training set Wag
Test Set lngodudoyayar PM 2.5 ladgs1g7u (Lag by Day)

— Training Test

R? RMSE MAPE R? RMSE MAPE
Decision Tree 0.8600 6.5859 28.18% 0.8363 7.1398 30.33%
Gradient Boosting 0.9448 4.1346 17.80% 0.8778 6.1684 26.24%
K-neighbors 0.8715 6.3090 26.57% 0.8422 7.0105 29.18%
MLP 0.8309 7.2386 30.46% 0.8312 7.2501 31.07%
Random Forest 0.8802 6.0928 26.91% 0.8525 6.7785 29.27%
Ridge 0.7355 9.0533 36.63% 0.7312 9.1508 37.09%

M1919 4.17 HANITNAFBUAINYNABILATAIUUNUEITBIUUUTIAB Testout (Covid-19
Pandermic)lagenfigdayayan PM 2.5 1adus1eiu (Lag by Day)

— Testout (Covid-19 Pandermic)
R? RMSE MAPE
Decision Tree 0.7645 77771 31.79%
Gradient Boosting 0.7910 7.6863 28.26%
K-neighbors 0.7592 7.8636 33.18%
MLP 0.7718 7.1700 29.21%
Random Forest 0.7881 73777 30.27%
Ridge 0.7382 8.1998 36.06%

4.2.3 dayan1 PM 2.5 1aag31893lua (Lag by Hour)
lnedayar PM 2.5 wigsiedalus (Lag by Hour) Awiandaya PM 2.5 o
a & v A v v [ ap v o I a ) <
wae Tutiluwesiundudaunas 1 Uneunt wenfuwiamuwsazannd waziundu 1 Ty
ALUS (Feature) @USUNAABULUUINEDY
1NA1ThUaNauALU a9 luunn 3 Tagly Random Forest Algorithm Live

Minfulsdaseiinasedulsmutiesnansanitazii Inen1siasevd fidelmiudiuys

=

Fadudoyant PM 2.5 wdssedalug (Lag by Hour) uagldngudauusunianun 14 nay
ﬁwlﬂmaammmﬁ’waaaﬁgﬂ 3 WUU (Training set, Test set, Testout set) 1AYNANISNAGDU T
14 R TunnsuseidunauuudassvesiiuUsudazngy deldnanismaaeuduandluniiig
4.18 LAAIKNANIVIATDULUUIADIN 6 7iln
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A1519 4.18 NAN1TNAFBUTIUIUAILYS (Feature) M 19lun19a319UUUT1a09 nSal Training set, Test set, Testout set DILUVUITIABY
V19 6 wilo Weliudiuwys (Feature) Mudayar PM 2.5 waes1edalus (Lag by Hour)

2 » R? of Gradient 2 . : : : .
R® of Decision Tree R” of K-neighbors R® of MLP R® of Random Forest R” of Ridge
Feature Boosting
Group Avg. Avg. Avg. Avg. Avg. Avg.
Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test |Testo R? Train | Test | Testo R?
1 0.7412{0.7329|0.5865 [ 0.68690.7500 | 0.73220.5796 | 0.6873]0.7387 [ 0.7336 | 0.608 [0.6934]0.6902 [0.6885|0.3833|0.5873]0.7424 |0.7353| 0.608 |0.6952]0.6657 |0.6635|0.5497 [0.6263
2 0.8006 [0.7903|0.7644 {0.7851]0.8137 [0.7961]0.7431 | 0.7843]0.7955 [0.7913|0.7407 | 0.7758] 0.7837 | 0.7887 | 0.7008 | 0.7577 | 0.8015 | 0.797 | 0.777 |0.7918] 0.704 [0.7065| 0.728 [0.7128
3 0.8317(0.8101|0.7498 (0.7972]0.8488 | 0.8192]0.7379 | 0.8020]0.8298 | 0.8106 | 0.7012 [ 0.7805] 0.799 [0.7964|0.6392|0.7449]0.8487 | 0.8206 | 0.7542|0.80780.7277 |0.7189|0.7281 | 0.7249
4 0.8615(0.8552|0.8129(0.8432]0.8765|0.86740.8187 |0.8542| 0.872 [0.8506|0.8003 |0.8410]0.8454 {0.8476|0.8252|0.8394| 0.878 |0.8655|0.8207 |0.8547|0.7369 [0.7396|0.7155|0.7307
5 0.8641{0.8401|0.8472(0.8505]0.8943|0.8602|0.8583 | 0.87090.8603 [ 0.8383 | 0.8295 [0.8427] 0.8416 | 0.8378 | 0.8595|0.8463]0.8895 | 0.8567 | 0.8629 | 0.8697 |0.7372 |0.7365|0.7623 | 0.7453
6 0.8673(0.8400|0.8507 [0.8527]0.9533]0.8790]0.8720|0.9014]0.8715 | 0.8369|0.8193 | 0.8426] 0.853 [0.8453|0.8645 [0.8543]0.8947 (0.8578|0.8691 [0.8739]0.7375(0.7391|0.7654 [0.7473
7 0.8412{0.8107|0.7280[0.7933]0.95840.8479]0.7636 | 0.8566 | 0.845 |0.8076|0.7206 [0.7911]0.8066 (0.8141|0.7744|0.79840.8849 | 0.842 |0.7736|0.8335]0.7084 [0.7156|0.7212|0.7151
8 0.8431{0.8004|0.7223(0.78860.9613]0.852310.75110.8549]0.8722 {0.8095|0.6979 [ 0.7932] 0.823 [{0.8199|0.7774|0.8068]0.8753 |0.8406|0.7813|0.8324]0.7157 |0.7163|0.7233 (0.7184
9 0.7288(0.6729|0.4526 [ 0.61810.97590.7405]0.62920.7819]0.7982 [ 0.7122 | 0.5959 | 0.7021] 0.7140 [ 0.6870 | 0.6720 | 0.6910 | 0.8456 | 0.7258 | 0.6563 | 0.7426 | 0.6115 | 0.5849 | 0.6428 | 0.6131
10 0.7885(0.7113| 0.434 {0.6446]0.9798]0.7736]0.6053|0.7862| 0.823 [0.7606|0.5362[0.7066]0.7129 [0.7554 | 0.608 |0.6921]0.8398 | 0.771 |0.6625|0.75780.5960 |0.6618|0.6419 [0.6332
11 0.7492{0.6539|0.5959 [0.6663]0.9778 |0.7467|0.5712|0.7652]0.8377 [ 0.7203|0.5302 | 0.6961] 0.7411 [ 0.7253 | 0.6361 | 0.7008 | 0.8286 | 0.7356 | 0.6524 | 0.7389|0.6183 | 0.6256 | 0.646 |0.6300
12 0.7279(0.6379|0.4948 [ 0.6202| 0.967 [0.7400]0.5671|0.7580| 0.842 [0.7223|0.5242|0.6962]0.7475(0.6977| 0.577 |0.6741] 0.851 |0.7185|0.6222|0.7306 |0.6267 |0.6124|0.6346 | 0.6246
13 0.8129(0.6255|0.14940.5293]0.9793|0.7661|0.5701 | 0.7718]0.8351 | 0.7234 | 0.5551 | 0.7045] 0.7486 | 0.7005 | 0.6133 | 0.68750.8348 | 0.7134 | 0.6164 | 0.7215]0.6216 | 0.6001 | 0.6206 | 0.6141
14 0.7051{0.6745|0.6028 [ 0.6608 | 0.9904 [ 0.7783]0.5739 | 0.7809]0.8343 [ 0.7273|0.5466 | 0.7027] 0.7293 | 0.7165 | 0.5900 | 0.6786 | 0.8019 | 0.7338 | 0.5965 | 0.7107 | 0.6124 | 0.6358 | 0.6085 | 0.6189

WuewAe : Train @e Training set, Test Ao Test setuaw Testo fia testout-set data
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21191374 4.19 1UI1 wuusiass DecisionTree Iinguiudsiimnganiiane
nauAUsT 6 Feusznoulufefiavnsan (Wind Direction) mfususauenles (CO) lunin
ponles (NO) uvenu (PM 10) duaziden (PM 2.5) ounds waztminvesdmimiou
(Month) gounds Fafunguiauysiinianluninilunagounuusiaesiia 3 wuu (Training
set, Test set, Testout set) e R? 1nfsvoiis 3 uuushasasiiy 08527

uuUd1aes GradientBoosting ldnguianlsiimnganiianie ngufuUsi 6 3
Usenaulumeiirnisay (Wind Direction) msusutausnten (CO) lun3neanlan (NO) Hu
U (PM 10) fuaziden (PM 2.5) foundy waziwiinvessumifiou (Month) Sounds 39
Lﬂuﬂq'uéi”;LL‘Uiﬁ'ﬁﬁ'qﬂiumiﬁﬂﬂmmaauLLUU%"W@@W‘FQ 3 WU (Training set, Test set,
Testout set) fif1 R? laBveeris 3 uuusaeaviniu 0.9014

LUUTIa8a K-neighbors Idngquiinusiimanzauiignie nquinusi 5 3
Usenauluseiianisay (Wind Direction) A1suautauantys (CO) Hune1u (PM 10) Hu
aniBon (PM 2.5) fouvds uazthmiinvassiuaudion (Month) Sounds Fadundusauusia
figalunisirlunadeuuuusiaesie 3 LUU (Training set, Test set, Testout set) fe1 R?
Ao 3 wuuaeainiu 0.8427

wuudiaes MLP Iénguiudsivsngauiianie ngududsi 6 deusznauluse
#iAn19ax (Wind Direction) m1sususauantas (CO) lunsnaanleys (NO) Huneu (PM 10)
HuazBen (PM 2.5) ounds wagiminvesdauieu (Month) dounds dadungusauds
‘v|mmamlumsuﬂﬂmaa‘uqumaaqm 3 WUy (Training set, Test set, Testout set) A" R?
WAvewis 3 wuudiaeainiu 0.8543

wuudiaes Random Forest lengudanysfisnzauiigaie ngudauusi 6 3
Usenaulumeiirniday (Wind Direction) msusutausnles (CO) lun3neanlan (NO) Hu
ey (PM 10) fuaziden (PM 2.5) Sounds uazthmiinvesduawieu (Month) Sound 39
L‘ijuﬂa;llﬁ’aLL‘lJ‘iVIdIﬁﬁﬁﬂi‘l&ﬂ’]iﬁﬂﬂ%ﬂﬁauLLUUQOWaENVIgQ 3 WUV (Training set, Test set,
Testout set) &A1 R? ldavesis 3 uuusaeavinfu 0.8739

U109 Ridge Ifnguinusimnganiigado nquiudsi 6 feusznevly
AaafiAnIgay (Wind Direction) Arsuauuauanles (CO) lunsnoanlas (NO) {una1u (PM
10) fuazidon (PM 2.5) Sounds uagtminvessiuaudiou (Month) Seunds dadundus
LL‘IJiVIG]‘I/I?I@IUﬂ’]iU’ﬂ‘UV]@ﬁEJULL‘U‘Uﬁnaaﬁm 3 WUV (Training set, Test set, Testout set) A0
R? \ndvewis 3 wuustaeasiiu 07473
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M1319 4.19 agunanisAmdendiiUsdmsuilviinsgiuuuinass nsaliiudiudsveya
yae1 PM 2.5 1adgs1843l3a (Lag by Hour)

R Feature o 44 v 2
LUU8DY pr AU SNNEIUD Y Avg. R
NRUSEHU

DecisionTree 6 [WD(Deg), 'CO(ppm)', 'NO(ppb), 'PM 10(ug/m3)", 'PM 08527
2.5(ug/m3) lag', 'Month WOE']

GradientBoosting 6 [WD(Deg), 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)", 'PM 0.9014
2.5(ug/m3) lag', 'Month WOE']

K-neighbors 5 ['WD(Deg)', 'CO(ppm)’, 'PM 10(ug/m3)', 'PM 08027
2.5(ug/m3) lag', 'Month WOE']

MLP 6 ['WD(Deg)', 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)', 'PM 0.8543
2.5(ug/m3) lag', 'Month WOE']

RandomForest 6 [WD(Deg), 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)", 'PM 08739
2.5(ug/m3) lag', 'Month WOE']

Ridge 6 [WD(Deg), 'CO(ppm)', 'NO(ppb)', 'PM 10(ug/m3)", 'PM 07473
2.5(ug/m3) lag', 'Month WOE']

1A8AINNANITNAFBUT 1A U WU AINTINVDINANITANEIVINUUUTIA D
GradientBoosting fA11uuaiug (R?) qﬂﬁqm ANUM28 RandomForest, MLP, DecisionTree,
K-neighbors waz Ridge 7145 H33lavn190 5398 UA1Ug N BILAEANLI UEIAIN
wanNAITERTI9deULUUSIaeY (Performance Criteria) Tndadae RMSE waz MAPE lag
I§uansvaaeuanfudsiimnzadluusasuuusiass fail

Jlofinnsananisnaaeuvaawuusiaeslunsd Traning Set uae Test Set Tu
AN519 4.20 WUTT ANULAILEN BRI UUS A0V 2 ehuﬁmmLLajuﬁwqaﬁqmﬁamaau
#18uuUT1a99 Gradient Boosting @ 991047 aya Traning Set I R? = 0.9533 g3
LUUS1a849 Test Set 39l¢ R? = 0.8790 audnewuus1aes Random Forest uay WUUSIA0Y
Ridge HuszAvsnmiiigaillaiisufunuudiassiindy

defansannanisaaeuresuuitaesiiltyndeya PM 2.5 Tusheiisinisuns
58U1084 Covid-19 #38158n71 N8l Testout Set Tum1519 4.21 WU ANULNUEIUDIVDY
Lmuﬁwaaq%ﬁmmLLﬂuﬁwqﬂﬁqﬂLﬁawaaué’wLLUde’waaq Gradient Boosting FldnanIs
NAdaU R? = 0.8720 MNMBLUUINE8Y Random Forest Wag LuuUdNaed Ridge duse@nsaw
mianileifiuiuuuusiassiingu
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A1319 4.20 NANTVAFBUANNYNABILALAULIUI1VBILUUTIADY Training set Wag

Test Set Ingodedoyayar PM 2.5 wassnetilus (Lag by Hour)

— Training Test

R? RMSE MAPE R? RMSE MAPE
Decision Tree 0.8673 6.3513 31.58% 0.8400 6.9425 32.99%
Gradient Boosting 0.9533 4.1344 17.13% 0.8790 6.1375 20.68%
K-neighbors 0.8603 6.4414 30.33% 0.8383 6.9019 31.88%
MLP 0.8530 6.6861 32.20% 0.8453 6.8252 32.49%
Random Forest 0.8947 5.6590 28.50% 0.8578 6.5434 31.55%
Ridge 0.7375 8.9346 39.69% 0.7391 8.8637 40.06%

M1919 4.21 NANITNAFBUAINYNABILATAIUUNUEITBIUUUTIAB Testout (Covid-19
Pandermic) lngededayayarl PM 2.5 ladgs1e4lu (Lag by Hour)

Testout (Covid-19 Pandermic)

Model
R? RMSE MAPE
Decision Tree 0.8507 5.7591 33.45%
Gradient Boosting 0.8720 5.5371 27.18%
K-neighbors 0.8295 6.0365 34.79%
MLP 0.8645 5.4865 30.79%
Random Forest 0.8691 5.3928 30.87%
Ridge 0.7654 7.2194 37.87%

4.3 AMWSINKNANISNAFULUUIIaD9TUa1UN5alUNR Laziliadin1sunsszun

¥4 Covid-19

PNNANITIATISALUVUTIABIALENIUNITAIRN 9 NensalanIunIsalund wazidledinig

WN3EUIRNUBY Covid-19 %ﬂﬁ%ﬁﬂlﬁﬁﬂmﬁmiwﬂ@sﬁqﬁﬂﬁqﬁmnm@i’m 9| (Historical Data
Feature) 128 851892103 (by Hour) 128 85165u (by Day) waz 128 851845 au (by Month)
iieliiufsanuruuiugweuuiiaosing o Tnsuuuiassldgnasisasurugnios
uazALMLUENaIN R RMSE wag MAPE ddliinanisinuvesyadeyadmiuaiauudians
(Train Set Model) waznanisAnuwesyadoyadilinaaeuiuuiians (Test Set Model) Tng
a5UT18az18 M 101319 4.22 WU UUUTIa049 Gradient Boosting L uuuuT1aniidl
UszAnsanuazmnuutudigeiign Ineid othdeyatad ssiedalus (by Hour) 11¥n1s

ATILILUUINAD




A3 4.22 HANITIATIZA Train Set uay Test Set YBIUUUTIADITLARN ¢
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Vil Historical Training Test
Data R? RMSE MAPE R? RMSE MAPE
Decision Tree by hour 0.8673 6.3513 31.58% 0.8400 6.9425 32.99%
by day 0.8600 6.5859 28.18% 0.8363 7.1398 30.33%
by month 0.8765 6.4229 27.42% 0.8444 6.9565 28.69%
non 0.7759 8.4434 35.15% 0.7674 8.6631 35.34%
Gradient Boosting | by hour 0.9533 4.1344 17.13% 0.8790 6.1375 20.68%
by day 0.9448 4.1346 17.80% 0.8778 6.1684 26.24%
by month 0.9221 5.3487 25.76% 0.8930 6.4423 27.44%
non 0.8688 6.5459 21.53% 0.8214 8.1684 26.79%
K-neighbors by hour 0.8603 6.4414 30.33% 0.8383 6.9019 31.88%
by day 0.8715 6.3090 26.57% 0.8422 7.0105 29.18%
by month 0.8726 6.3165 25.95% 0.8504 6.8415 28.83%
non 0.7915 8.1444 33.40% 0.7768 8.4879 34.14%
MLP by hour 0.8530 6.6861 32.20% 0.8453 6.8252 32.49%
by day 0.8309 7.2386 30.46% 0.8312 7.2501 31.07%
by month 0.8299 7.4407 32.73% 0.8292 7.4717 32.61%
non 0.7645 8.6563 35.68% 0.7703 8.6089 35.11%
Random Forest by hour 0.8947 5.6590 28.50% 0.8578 6.5434 31.55%
by day 0.8802 6.0928 26.91% 0.8525 6.7785 29.27%
by month 0.8973 5.7815 27.44% 0.8663 6.6112 29.65%
non 0.8335 7.3898 25.08% 0.7757 8.6443 28.52%
Ridge by hour 0.7375 8.9346 39.69% 0.7391 8.8637 40.06%
by day 0.7355 9.0533 36.63% 0.7312 9.1508 37.09%
by month 0.7362 9.0880 36.52% 0.7316 9.1631 36.47%
non 0.6883 9.9582 40.03% 0.6933 9.9480 39.63%
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n¥rnduiAdelshuuusiasssingg wmeaeutugadoyadounddluisaniunisaing
uNs5EUINYes Covid-19 eagluraed wa. 2563-2564 Inglideyndoyadin “Testout Set”
Inglinanisfnyvesgadeyadmivasiauwuudiaes (Testout Set Model) asulanisng 4.23
Fawuin wuudians Gradient Boosting Wunuuaesdiiiuszavsnmuazanawiugigeiian
Tneilevdeyaindosedalus (by Hour) imihmsliasigsiuuudiass

A1914 4.23 Nan1TIATIZY Testout Set VBILUUTIADY TUAFY 9

Vol Historical Testout (Covid-19 Pandermic)
Data R? RMSE MAPE
Decision Tree by hour 0.8507 5.7591 33.45%
by day 0.7645 77771 31.79%
by month 0.7505 7.4635 35.38%
non 0.7615 7.6303 36.77%
Gradient Boosting | by hour 0.8720 5.5371 27.18%
by day 0.7910 7.6863 28.26%
by month 0.7998 7.7946 30.14%
non 0.7962 7.0337 29.92%
K-neighbors by hour 0.8295 6.0365 34.79%
by day 0.7592 7.8636 33.18%
by month 0.7750 7.5931 33.04%
non 0.7515 7.7893 35.85%
MLP by hour 0.8645 5.4865 30.79%
by day 0.7718 7.1700 29.21%
by month 0.7856 7.6058 31.68%
non 0.7505 7.8567 31.73%
Random Forest by hour 0.8691 5.3928 30.87%
by day 0.7881 73777 30.27%
by month 0.7988 7.3680 32.01%
non 0.7384 7.9845 34.85%
Ridge by hour 0.7654 7.2194 37.87%
by day 0.7382 8.1998 36.06%
by month 0.7384 8.1863 35.85%
non 0.7196 8.2743 35.22%




UnN 5

n1sanUsena (Discussion)

NTBYAAIUTUTUVDY PM 2.5 518450UTENINBUNITIEUIAYEY Covid-19 Tu
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Hunngamnunuesiiduiiematsveslsemalng Falifanssuss 4 nuneiniu 19
NIAULATEFND d9A3 wazN1TvioAe LT UBUAUYNNTNITHNTTEUInVeY Covid-19
wazdins Lockdown Lias virlinanssuang o el wudnanaiduduees PM 2.5 anas
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pg i dpdAy 1Wodn1sunTszUnves Covid-19 Tnvanadiad sfisiosay 21 Al
Tumnsne 5.1

NNNANISLUTIULTT B UAIAINLI LT UVDS PM 2.5 SEUI1NBUNITTLUIAYDIVD
Covid-19 waziilaiin135zuinved Covid-19 wuln Tugrnfoungadniey wazsumAL AN
WWUTUUDY PM 2.5 anadisiantiosnitfaudu wWaieuduiiauduidu wet season Wiy

P v a = I al 1 @ & [ o a o ¥

a1 vinld PM 2.5 89934 9 Ae gana wituvaginisasasvudsiidudaded Ay vl
AR PM 2.5 wutieniu 39nlian PM 2.5 anasasraiiuledn iedin1s Lockdown LAaTu

M1919 5.1 ALRRYYRI PM 2.5 S18LAauUIeuiiguseninenaunisseunnead Covid-19 way
A o i .
LRUNITLNIIZUIR Covid-19

: \ Avg. PM 2.5 as
Avg. PM 2.5 as Normal Situation
Month Covid19 Pandemic %Diff.
(2015-2019)
(2020-2021)
bHWEU 27.26 22.76 -16.49%
NEWAIAL 21.79 il 1L -21.47%
lguieu 18.02 14.00 -22.34%
n3NHIAY 19.32 13.60 -29.58%
dunau 18.16 14.00 -22.91%
AuL18U 21.35 15.20 -28.82%
AA1AY 27.15 20.39 -24.90%
quﬁmau 33.23 27.27 -17.93%
FunAY 39.28 35.87 -8.70%

vianewe - SR wwiew Wesnifuidteuiiiiuiings Lockdown ety
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=

5.1 wuudnaeeniussansamuazauusiuggeiisn

q

NnmamsInesiuudaeduuni 4 wuinuuiassiiondedeyasynsunailinans
naaeufidauusiuginiuuudaesililfofedeyasueynsuna dwanismaaoud i
UsyAvSnmgaiian Aenamsmaaeuiendedoya PM 2.5 desiedalus (by hour) Huuusaes
lddoya PM 2.5 Tuisaaunsalund waziiledimsunsszuiaves Covid-19 feseasdonly
A1519 5.2 W31 LUU91a89 Gradient Boosting TWnan1svaaeugsvige W9 Train, Test ua
Testout Set MUAIBLUUTIEDS Random Forest, Decision Tree, K-neighbors, MLP Laguuuinasd
Ridge Iﬁwamimaauﬁwﬁqm %4 Train, Test uag Testout Set MUBIRU T sa0nAd DI UNANTS
ArTenUssdm nmuuuinassilanig 9 Tuenuddenssene (Mahanta et al,, 2019; Mahmud
et al, 2022: Pan, 2018: Sobri et al, 2021) A¥naNsANYAEEARTY

AIdedsldenuseliiiuseaziBenromanisnagousuudiasiunas viin lnouanina
n1swWSguiigudeyaan PM 2.5 Aid57931 (Actual) fudeyann PM 2.5 Aldu1annis
Ansgilunuudiany kanseann 5.1 - 5.18 Ingluumaznn ladeszduazefusienienis
dnvudnaewsazvialuldau lnufisunanisnaasuussdns anvesiuudiass Tuus
a01UN58l AB Train set, Test Set gz Testout Set

AN 5.1 uansNanIsiUTuuBuUANE@RAUDY PM 2.5 LagNan1sAIANISalaIntkuudass
Discision Tree Regreesion lag31NKNANITILATIEH NUIN sqm‘i’ljaiﬂa Train set (R?=0.8673) il
Amnuusiuggeiign Wewfivuiuyadoya Test Set (R=0.8400) Tunm 5.2 uaz Testout Set
(R?=0.8507) lunn 5.3

pg19l5A Ry nazduuusnaes Discision Tree Regreesion 11l 4lun153LAS1%AN
PM 2.5 msidenldyadeyalutianeunisssunues Covid-19 azlinanisAnuiign

A1579 5.2 Han15IATIeUsEANT A mIUUTIaswilnging o Nendedeua PM 2.5 laduse
14 (by hour)

A Training Test Testout

R? RMSE | MAPE R? RMSE | MAPE R? RMSE | MAPE
Decision Tree 0.8673 | 6.3513 | 31.58% | 0.8400 | 6.9425 | 32.99% | 0.8507 | 57591 | 33.45%
Gradient Boosting | 0.9533 | 4.1344 | 17.13% | 0.8790 | 6.1375 | 20.68% | 0.8720 | 5.5371 | 27.18%
K-neighbors 0.8603 | 6.4414 | 30.33% | 0.8383 | 6.9019 | 31.88% | 0.8295 | 6.0365 | 34.79%
MLP 0.8530 | 6.6861 | 32.20% | 0.8453 | 6.8252 | 32.49% | 0.8645 | 5.4865 | 30.79%
Random Forest 0.8947 | 56590 | 2850% | 0.8578 | 6.5434 | 31.55% | 0.8691 | 53928 | 30.87%
Ridge 0.7375 | 8.9346 | 39.69% | 0.7391 | 8.8637 | 40.06% | 0.7654 | 7.2194 | 37.87%
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AW 5.1 HansiSeuliieudeyaaia

PM 2.5 AUKNANNSIATILLUUINEDY Discision Tree
Regreesion AT Training set : R? =0.8673, RMSE=6.3513, MAPE=31.58%
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A 5.2 nansiUSeuliiguteyaada PM 2.5 funan1sinseikuuinaes Discision Tree

Regreesion ASel Test Set: R?=0.8400, RMSE=6.9425, MAPE=32.99%
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AN 5.4 UananansiTguliieuanaiAved PM 2.5 wagnan13a1nn1salannwuuinges
Gradient boosting ln8a1nNaN153ATIEI WU Yadeya Train set (R°=0.9533) fimanakaiugngs
fign Wewleuiuyndoya Test Set (R=0.8790) Tunw 5.5 way Testout Set (R=0.8720) lunm
5.6 889l3NANL ynazthuuIaes Gradient boosting snldlunisyihuwensiia PM 2.5 @enld
yatoyalutnoumsszLAes Covid-19 a¢linans@nuiian

SegwaAnssuvesdn PM 2.5 Wisuifisusewing deyaadi PM 2.5 Aunan1siinsizs
WUUd1a09 Gradient boosting nel Training set Tuaaw 5.4 wu11 Tua29d w.A. 2558
wudassdueszidoyasenunldliniugl Weeuiurisnady uddeuvudaedlddy

[
Y 1=y

ToyauNTU Aofawad w.e. 2559 - 2562 WU @asaATIERdeyaeanulawiug Ty

' v
ad a =

\leifiguiuaddiinduase uaziduiediuiunsal Test Set A 5.5 Felinan15insgsild
Tufiem i

uei Ll BN A15UINITILATIELUUTIaedlunsedl Testout Set Tun I 5.6 ndunuin
wuudnaesdanuudugdosnitteyaainadiate duwsisudnszviveyalaufyadeyaly
Vgavine (w.m.2562 - 2564) eraidumsizgadeyaves Testout Set WeANITuVE PM 2.5
TugeilinsunsseuInves Covid-19 FaANULANAIIINYATYaNauUNITITUIATRY SIu
= v v . &1 e & = i = ] v
fagatoyaluving Covid-19 Wudeyaluszaziiandu e 2 U Faunndraanyadoyaly

¢ a da a o =

aniunsalung nudsunameyasiu 5 U
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A 5.3 nan1siSeuiiiguteyaaia PM 2.5 funan15iins1eiuudnass Discision Tree
Regreesion nsell Testout Set : R?=0.8507, RMSE=6.3513, MAPE=33.45%
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AW 5.4 wan1silSeuliieudeyaain PM 2.5 AURANTIATIEAL UL Gradient
boosting A6l Training set : R? =0.9533, RMSE=4.1344, MAPE=17.13%
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A 5.5 nansiUSeuliiguteyaatia PM 2.5 Aunan1sinsgikuuinass Gradient
boosting ASel Test Set : R?=0.8790, RMSE=6.1375, MAPE=20.68%



127

100

actual

predicted

80 4
60 -

40 A

1)) | it i

PM2.5

2020/03
2020/06
2020/09
2020/12
2021/03
2021/06
2021/09
2021/12

Date

AN 5.6 Han1swWIguLiigudeyaaiia PM 2.5 AuNanTIATIeiiuuinasd Gradient
boosting nsel Testout Set: R2=O.8720, RMSE=5.1344, MAPE=27.18%

AN 5.7 LAAINANSIUT BUBUANER A9 PM 2.5 LagHan13A1nN13al 9NLUUInges
K-nearest neighbor IAgMNKANTIATIEY WU Yateya Train set (R*=0.8603) dauusiug
ganan Wl aeuiuyateya Test Set (R=0.8383) lunn 5.8 waz Testout Set (R°=0.8295)
Tunw 5.9 sgslsiniu mnagthuuuinaes Knearest neighbor aldlunisyihunenisiiia PM 2.5
& v 1% 1 ' A v = aa
denldyaveyaluyineumsszuinves Covid-19 awlinanmsinuiign

ilagngAnssuvesl PM 2.5 Tunn 5.7 wWisuifigusening Jeyaada PM 2.5 Aunanis
WATIZRUUVINABY K-nearest neighbor el Training set wu31 Tutasl w.A. 2558 - 2559
WuudnaedliaTsideyaseninlaliuiug Welilsuduriswiandu widlewuudnaealasu
¥ ‘;{ A 3 1, 1 o a 6 Y 1
TYANINTY AOAUAT W.A. 2559 - 2562 WUTT WUUTIARIAINTOIATIEYTBYARENUNLA
L ugINT U BB UA VAR ATAATUITS Azt uiediuiunsal Test Set Tunw 5.8
Felvnansiasgiluluiiamaieaniu

ot a5 N5 LA IETRUUTIaealunsal Testout Set Tunw 5.9 ndunuin
Wuudnaeallaukiugtasnitveyadnaiifasensuiisuiinssiteyaluauisyndeyatud
gaving (W.A.2562 - 2564) lnsianizag19dadud w.e. 2564 orndunsizyadeyaves
Testout Set weANTIUVE PM 2.5 Tug199din1552u1Aves Covid-19 HAINULANGI9AINYA
Joyanaunsszuiaves saluisndeyalui Covid-19 Wudeyaluszeziiandu Wiewa 2
o ' o € a da a v =
U Faumnssanyadeyaluaniunisalund nluinadeyasiu 5 U
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A 5.7 wansiUSeuliiguteyaatia PM 2.5 AUNan1TiATIgikuuinass K-nearest
neighbor ns&l Training set : R?=0.8603, RMSE=6.4414, MAPE=30.33%
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A 5.8 nan1siUSeuLTigutayaatia PM 2.5 AUNan1TIATIEiLUUTaes K-nearest
neighbor n3gl Test Set : R°=0.8383, RMSE=6.9019, MAPE=31.88%
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AN 5.9 nan1siSeuifigutoyaaia PM 2.5 funan1siins1eiuudiass Knearest
neighbor ASed Testout Set : R?=0.8295, RMSE=6.4414, MAPE=34.79%

AT 5.10 WEASHANISIUSBUBUATERR VDS PM 2.5 kagnan3n1an1salaniuudnass Multi
Layer Perception (MLP) lagannnan1s3tnsieyt wuin ¥adeya Training set (R*=0.8530) A3
wiudhgeitan dleiouiuyadeya Test Set (R=0.8453) Tunm 5.1 uag Testout Set (R=0.8645)
Tun 5.12 sgnslsinu wnazihwuusiass Multi Layer Perception (MLP) anldlunsyinunenis
Ain PM 2.5 Fenldyeteyalurasieunsszuinues Covid-19 axliinansnuiian

FogwaAnssuvesdn PM 2.5 Tunw 5.10 Wisuifisuszuing Yeyaadi PM 2.5 fuwa
NMTAATIERUUUI18D9 Multi Layer Perception (MLP) ns&l Training set wuin Tuaiasl w.e.
2558 - 2559 uuudtassdeiianzsidoyasenuilaliusiugn Weifisuiutianatdu uiile
wuusaedldsuteyauiniu Aodausl wa. 2559 - 2562 Nud1 uuUABsEINIAIATIEN
foyavomnldutugunniudeioutuadfifiiatuass uasduioatuiunsd Test Set Tu
A 5.11 dliamsinsesilulufiemadiediu

wilfefiansaunnsdiasgsinuudiasdlunsd Testout Set lunm 5.12 ndunudi
wuuaesdimuusiugosnitfoyanadivieius SiAemeideyaluaudaadoyalud
anvine (W.m.2562 - 2564) laslanizognsdddud w.a. 2564 eraidumszyadeyaves
Testout Set WaAnssuas PM 2.5 lutasiifinisszuinues Covid-19 AauAna1aaInYn
foyateunsszuinves sulufegadoyaluiag Covid-19 Wudoyalusrernandu v 2
U Gaumnssangadeyaluaniunmsaiund Afusinateyasin 5 U



130

PM2.5

100
actual
predicted
80
60
40
20 -l
0 T
— DN — D~ — [ — D~ —
< < <L < < 3 <L L <
el o o~ DN L) 0 =) =) =)
— — — i — - — - o
(=] j=3 o (= [=} (= j=3 (= j=3
o o N o~ N N o N o
Date

A 5.10 HansiSeuiisudeyaatia PM 2.5 AURANITIATIZNLUUTIR0S MLP
Asal Training set : RZ:O.853O, RMSE=6.6861, MAPE=32.20%
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A 5.11 BansiSeuiisudeyaatsa PM 2.5 AURANITILATIZNWUUING0Y MLP
n3al Test Set : R°=0.8453, RMSE=6.8252, MAPE=32.49%
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AN 5.12 nan1siUTeuiisutayadda PM 2.5 fuNan1TiAsIzikuudaes MLP
N3l Testout Set : R?=0.8645, RMSE=6.6861, MAPE=30.79%

A 5.13 UaAman1SiUTeuiguAai Aves PM 2.5 uarnan13n1nn1salannuuudnges
Random Forest lAganNNan153tA3189 Wud1 Yadeya Training set (R*=0.8947) Tunw 5.14
fienuuiudgefian Wedlsuiuyadeya Test Set (R’=0.8578) uaw Testout Set (R’=0.8691) Tu
A 5.15 ag1dlsfinny mnagdiuuudiaes Random Forest wldlunisviwienisiin PM 2.5
Benltyatoyalurisnounisszuines Covid-19 alvnams@nuiian

SeguaAnssuvedn PM 2.5 Tunm 5.13 wWisuifiuszning deyaadd PM 2.5 Ausa
NNTILATILRLUUT1809 Random Forest nel Training set WU Tuta9d w.@. 2558 - 2559
wudassdiinngiteyasenunlaliusiug Weeuiutisiaidy willeuuudassldu
Fogaundu Aesaudd w.e. 2559 - 2562 wui1 wuUIRRsEININTATIEIT By ABENILY
wiugunduilefieusuadaniind uate woswdeadufunsd Test Set lunw 5.14
elimansinsgilvlufimmadeaiu

weilll efiansannsiiasesinuusiasslunsdl Testout Set luaw 5.15 ndunuin
wuvaesdimuuiugosnifoyarnaditisius Buinmeideyaluanfendoyalul
anvine (W.m.2562 - 2564) laslanizognsddlud w.a. 2564 eraidumszyadeyaves
Testout Set ngAnTsuY8s PM 2.5 Tug1afifin1sszu1aues Covid-19 fAnuunnsnannys
foyanounisszuinves Tludsyadeyaluing Covid-19 Wudeyalussosinandu fisaud 2
U Gaumnssangadeyaluaniunsaiund Ausinateyasin 5 U



132

100
actual
predicted
80
60 -
0
P~
40 4
20 J
0 T
— IS — IS = [ — I8 —
=} = =1 =3 = =} =} = =}
& ) N N ) ) X x S
— — — — — — — — [
(=1 f= (=1 (= f= (=1 (=1 f= (=1
o~ o o~ o~ o o~ o~ o o~
Date

AW 5.13 nansiUSeuiigutoyaatia PM 2.5 funan1siias1eikuudnaes Random Forest
N3l Training set : R?=0.8947, RMSE=5.6590, MAPE=28.50%
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A 5.14 HanisiSeuiisudeyaaiin PM 2.5 AUan1$IAsIekuud1aed Random Forest
A58l Test Set : RZ:O.8578, RMSE=6.5434, MAPE=31.55%
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AN 5.15 nansiUTeuiisudeyaada PM 2.5 AUNan15IATIEAkUUINa8d Random Forest
n3al Testout Set : R?=0.8691, RMSE=5.6590, MAPE=30.87%

AN 5.16 wansuansiUIeuiisuaatfved PM 2.5 uaznan1saIanisalanniuuinges
Ridge Regression 1aganNan133tATIER WU YAveya Training set (R°=0.7375) A3y
wiudgeian Weiiisutuyndaya Test Set (R%=0.7391) Tunm 5.17 uag Testout Set
(R?=0.7654) Tun1n 5.18 9g14l5Anu anagiuuudIaes Ridge Regression uldluns
vhunenaiin PM 2.5 donldyateyaluinanisunsszuin Covid-19 aglyinans@nuididign

SeguaAnssuvedn PM 2.5 Tunm 5.16 wWisuifisuszwing deyaadd PM 2.5 Ausa
NTAATIERLUUTIADY Ridge Regression nsel Training set Wua1 Tutasl w.e. 2558 - 2562
wuudassdaliasgideyasenunliliutugy ieifsuivuvudiasswindu Tnsany
81984 led1 PM 2.5 ﬁﬂ‘%mmﬁqﬂmtﬁiazﬂ TAgNU11 WUUI1ae9 Ridge Regression liina
msfnwuuuALeds lideandatfungfinssuaieues PM 2.5 ity uasdudeatufunsd
Test Set Tuam 5.17 dlvinamsinneiluluiismadiotu

weiLll efi9nsaunnsiiasgsinuudiaeslunsal Testout Set lun1w 5.18 ndunuin
wuaosdaruiugesnideyannadfniiusBuTinsgidoyaluaudsadoyalud
anvine (W.m.2562 - 2564) laslanizognedddud w.a. 2564 eraidumszyadeyaves
Testout Set ngAnTTuY8s PM 2.5 Tug1afifinnsszu1aues Covid-19 fAnuunnsiannys
foyanounisszuinves Tluisyadeyaluing Covid-19 Wudeyalussosinandu v 2
U Jaumnsisangadeyaluaniunisalund filusinadoyasn 5 U warannsoiinseilddn
WUUY1a94 Ridge Regression lm'mmsamﬁ%ﬁwmﬁﬂmawqﬁﬂiimﬂmﬁ@ PM 2.5 Tuaunae
lngnislyatiayadeyaazay
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AW 5.16 HamsiUSeuiieudeyaaiia PM 2.5 AURANITIATIZYLUUIIR4 Ridge
Regression ARt Traning Set : R2:0.7375, RMSE=8.9346, MAPE=39.69%
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AW 5.17 wamsiUSeuiiudeyaatia PM 2.5 AURan1TlATIz1iLuudnged Ridge
Regression A6l Test Set : R?=0.7391, RMSE=8.8637, MAPE=40.06%
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AW 5.18 nansiUSeuiisutoyaaiia PM 2.5 funan1siiasieikuudnass Ridge
Regression nsel Testout Set : R2=O.7654, RMSE=8.9346, MAPE=37.87%

dofiansamanismaaoummiug veanuuitassnnnislddeya PM 2.5 Tuwas
anun1saiUnd wazledn1sunsszuinves Covid-19 Tumisns 5.1 uasiiundng uida
Usgdnwlunin 5.1-5.18 wuin uuudraesildyadeyalushsaniunisal Covid-19 Tinanis
naaou lUuana1931ngadeyatuiisaniunisalund lnenan1snaaauannikuudnasy
Gradient Boosting wa3vis 2 gndaya Sleuuandnaiu (% difference) laifsfonas 10 duog
Tunausinisulslaeily

fiatl anansadiasgildingadeya PM 2.5 fiinduluisnafiaanunisalliund i
n51fin Covid-19 masnluiismansdinuun Aamnsalduvudiasswdaferfuduiild
Weswiyadeya PM 2.5 Tuaniunsalundaianisainisiia PM 2.5 Tawudeaiu Tunsdlld
WUUA88Y Gradient Boosting

o %4

5.2 wuannansiiuudnaasiuldnsaliidedninneaiudaya

NNFRAUTIEHANSANYIIUTIAU NUTULTIaedUsEAnSanunniign ldluns
a 6 1 gj L3 a ! a a !
As1e9ia1 PM 2.5 isluaniunisaiund wazantunisallaund (Aianisunsssuinvedlsn
Covid-19) Aawuuidaes Gradient Boosting Fauuudnaesil Winansfinwnangalunsaives
yadoyalunsunnuviuas Useinalng nquvasiauysiiieidasiunsmaaaukuuidnaes
Gradient Boosting flangusiwys (Feature) 71 6 Fausznaulusmeiianisas (Wind Direction)
Asuauteausnlyd (CO) lunIneoanlys (NO) {uvenu (PM 10) duaziden (PM 2.5) ounaa
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wazthiingessauieu (Month) dounds Tnglvinanismaaeuyszansamanuuiue
(R?) 013 train, test wUUSIaes warslUds Testout Set Tngwudn e R? 1ade 0.8801

el iflofinnsunaninaaauUsEAnSnmueaLuusiass Gradient Boosting Tungu
s (Feature) Afid1urusulsdosninlunguil 6 wui fuvsidfgiiazinluinsei
A1 PM 2.5 lafe fimn1eay (Wind Direction) Hungnu (PM 10) uay duagiden (PM 2.5)
dounds Adufomefiazanunsovines PM 2.5 lefiaanuuiug) R? Ussana 0.75-0.80 3
Amnuuiug1aniegainiuuusians Gradient Boosting idfigatadeiesas 6.5 lunsdings
fuUsegiuszanangui 3-5

og1lsfinny ddfeanisliuudiass Gradient Boosting firuusiugngefian daudsi
Rendesiilunaasuuuudiass Sudusdesdiyndoya asusuueuenlud (CO) lundneen
Lot (NO) wiinwesdruauifion (Month) deundasiuagie duuandunisn 5.3

Tuvaiziiuuudrassiindu Tnanmnaouiafigreglunsaliffudsngy 3-6 lngoeis
tfovfiganismaaounuudiasssing 9 szdesszneulusisyndeyasiniianisay (Wind
Direction) Huvienu (PM 10) uag {uaziden (PM 2.5) doumnas Jsaglvinaansuodnuudigss
firnanidedie 7 R? 3nnndn 0.7000

M1319 5.3 faudsiitieates (Features) Nlglun1snagouuuudInasy Gradient Boosting
lunslyntayaiadesetalius (by hour)

Feature Faulsiiieadas R? of Gradient Boosting

Group (Features) Train Test Testo Avg. R?
1 |[PM 10(ug/m3)1] 0.7500 0.7322 0.5796 0.6873
2 [PM 10(ug/m3)', 'PM 2.5(ug/m3) lag'] 0.8137 0.7961 0.7431 0.7843
3 |['WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag1] 0.8488 0.8192 0.7379 0.8020
4 [[WD(Deg), 'PM 10(ug/m3), 'PM 2.5(ug/m3) lag',

0.8765 0.8674 0.8187 0.8542
'Month_WOE]

5  |[wD(Deg), 'CO(ppm), 'PM 10(ug/m3), 'PM
2.5(ug/m3) lag, 'Month WOE']

6  |[WD(Deg), 'CO(ppm), 'NO(ppb), 'PM 10(ug/m3),
'PM 2.5(ug/m3) lag', 'Month WOE']

NUBLUR : Train fo Training set, Test fio Test setwaz Testo A testout-set data

0.8943 0.8602 0.8583 0.8709

0.9533 0.8790 0.8720 0.9014
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d3Unan1sAny1 (Conclusion)

msnuniidumsinuiientudeyauafiviseina Tasamze B sanuiduduves
PM 25 Miasuutadld lurasiiiansunsszuinues Covid-19 §ideldliatfyadoyarnaiiv
619 9 Tt asl el 2558 — 2564 TONTUAMUALNATIY UAYNFIVNUUAT Viavin 63 an il arfld
Tumsdiiunsfnuedsd

6.1 d@3Uunan1sAnen

6.1.1 wqanssmuaﬁwmammﬂiuﬁuﬁﬂgemwumuﬂi (W.A. 2558-2564)

mﬂwamsﬁﬂm%’agauaﬂwwmmﬂﬁLﬁmﬁumaamsas 7 U (w.f. 2558 — 2564)
wu3 lugael e, 2558 - 2562 Faduraeiidelaifinisunsszuinves Covid-19 uafiuni
pnALRazlaila1nTNTUlnALABITU UAlWT WA, 2563-2564 WUINANAMULTNTUTD
wafivnienednsdeuslasivagefidoddny Tng PM 2.5 NOx NO, NO wag CO anad
Souay 14.38, 12.93, 18.43, 2.65 Wag 5.66 MINaIAU %qmaﬁwmwmmﬂﬁammmaﬁ@@ﬁa
NO; PM 2.5 NOy auansiu wafiuafiunisenniaa 3 wilad dannudsadesiunisesas
yudailasnmawnlviflianysaivonedessudazeliiiouafiwmani Tnsianzogiebs
lunileudununnunILAS

agnslsfiony Reldvhnsfnwngfnssunisinuafivniveinisnaentiig 7
Defound (time series) 1l DM ULUUTBININTTINBH DI INIALUNT AW TUAT
deszaranUasuuladly Tnerdelaldn1snaaeumeds Kruskal-wallis Analysis Fawans
VAFBUNUIN NINT¥NefvesmaiivnieIntAnasnszezaal 7 U Wunisnszanedananu
dudulugduuuggnia namfe Amududuresuafivnsornmeiugedulugime
w1 wazmihfeu mziduggniaiionniaus mqﬁ’wﬁmr'ﬁ’wﬁwNus?fqﬁmm%ﬂummﬂqa
wrhlimaududuresuafivnsmaaniiadutionmi fadunginsmuduinaenyndis
U sarounssruinveswes Covid-19 uavanisiiinsunsszuinves Covid-19

MARaNTANEImUIn Tuieresnsunsssuinves Covid-19 de3gunalngld
Usgmaliivgavinnueg futhudssavhlinmadumdluiufingamamunasanas T eusuio
ATRTUUMSTIlAvanasisetay 40 e anadaTinuifuafivnisernmauissiaiinany
duduanadluidloinnsunsszunn Covid-19 agnditfedday Feaenndasiutiunaasasiu
nsummEvnuAsTianas §Idedsldfiansanuaziiuinnisiia PM 2.5 fAutiinumisiiunsly
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Hunnsunnumuasiivdsuwlasiuinnuneitesiuegreiidvddy Fslaldentiriniig

WUTUVDY PM 2.5 1n@nwwazAInn1sainisiiadusaly

6.1.2 WHANTIUNIILAN PM 2.5

nuanTesTsilussaziduaues PM 2.5 wasseiieuuioufiouiusening
nauLAn Covid-19 AUTEMINNNITUNTILUINUDY Covid-19 WU TUHISUBINITUNTTLUINVBS
Covid-19 71iin15 Lockdown 11 PM 2.5 anasannifiudedesas 21 dumuneainudn lusaa
YBINTUNITTUIAVDS Covid-19 iinng Lockdown LAnty dsmansenulnenssdenanssues
1ywd (Human behavior) Tngtanigegnsddunisiiunsiianasiefosas 40 uagiuildanli

PM 2.5 anasaeailtudnasy

wiidnagneuliilataiauinladelaseninenmsiAunie nieggnia Ndwanenis
AMUUTUYDINITHAA PM 2.5 11nN3INU Lmeuii’]’a%uﬁﬁmuﬁmauléﬁwﬁfﬂﬂsﬁmamuwé
(Human Act|V|ty) Aanadluluti9nsunssEuInved Covid-19 1u lagianized19d 101

Lmumwammuu AINARDNISLAN PM 2.5 9819U11939

PM2.5 Concentration
50.00
40.00
£ 3000
QN
2
3 20.00
=
[a
10.00
0.00
Apr May Jun Jul Aug Sep Oct Nov
== Avg. PM2.5 as Normal Situation (2015-2019)  ===PM2.5 (2020) e=O==P\|2.5 (2021)
Covid 19 Pandemic Covid 19 Pandemic

A 6.1 WSHUTBUANMUNTUYBS PM 2.5 S181ADU SEWINNNoULAERAINITIZUN

989 Covid-19 pIaINNISWNISEUInUae Covid-19
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6.1.3 n15Uszanald Machine Learning techniques Tun1s3tAs1en PM 2.5
HITulanauiwuuItassnina1ans aien15Useenaly Machine Learning
techniques Tunsannisal PM 2.5 laziintuluounan iieadauuusiasmeadamans
Adfian MilUldlunisviiuneen PM 25 anyadeyanisadadidey lagldusyadeya
oonidu 3 yanmaeuTsuszneulusng
1) Training set data fie affdeya PM 2.5 dounds faust w.e. 2558-2562 flog)
Tug9AoUN1T58U1AU8389 Covid-19 91uuiasas 80
2) Test Set Ao afifdoya PM 2.5 founds doust w.a. 2558-2562 floglutiag
NOUNITIZUINUBIVRY Covid-19 1uIuiesas 20
3) Testout Set fig afindaya PM 2.5 doumea Faus .61, 2563-2564 flogluzag
NOUNI3IEUINVDIVDY Covid-19 FuruTeay 20 ﬁagﬂuawiwmmwé
2UMMYeY Covid-19
gadoyaniie q gnimniesizdainnisalfeuuusiass 6 wia feiina1iuly
1901 tawn Decision Tree, Gradient Boosting, K-neighbors, MLP, Random Forest, Wag
Ridge lalaazuuudNadagiinIsItAT18% lagA11d989%291281%19 9 (Historical Data
Feature) 1n9 99113 (by Hour) 9n9 4 (by Day) wazdrilsiistaanamne éeu (oy Month)
Feyuilufansinsgsiuuudiass Ingldffdafenaan (No Time) dWeliiuianiuusiug
VDILUUTIBDIAN 9|
1ABAINNANITANY) WU’jW%@%ﬁﬁﬁ’]ﬂﬂ%Lﬂﬁzﬁﬁfu Ao %aga%fwnawﬁiﬁ’mm
wiughunndignie affdeyaves PM 2.5 1844lus uazuuusiasdsing q gnsIsaeuady
gnpsuazamLsius I AndnInaeifildnsiaany (Performance Criteria) Ao R? RMSE uaz
MAE 91ANaNI5IATIEIR WU WUUI1a09 Gradient Boosting, Random Forest, K-neighbors,
Decision Tree, MLP, Wag Ridge Model 9 Gradient Boosting by hour I%Han1sANET A
fignved Train set Taeddn R? =0.9533 uag Test Set MidiAn R?=0.8790 Tuvaz#iviinis
naaeuf18AToya Testout Set Model 4 s1fusyndosalutreaniunisal Covid-19
Pandemic Wu11 Gradient Boosting Imaﬁqumgaﬁ'ﬁ Historical Data by Hour T rans
Annginfiaauiu e R? =0.8720
21NM1519 6.1 LARIHANITIATIEY R YoausazuuudIans deanunsaagulei
LUUSIaRIfiATigafivinzauson1:1a1 1Az PM 2.5 f Historical Data Feature by
Hour sislurasanunisalunffigadeyalidunndrafuuasdednisundszuinues Covid-19
Susuil 1 Ao wuusIaas Gradient Boosting, SuRUA 2 Ao WuUTIaes Random Forest,
Sudiufl 3 Ao wuusiaes MLP mudsy
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M1319 6.1 asurarugndLaziiiug (R) vasuuitaesildlunudnm

R? .
o JUAUNA
HUUIa0y Training o
Test Set | Testout Set | Avg. Vgn
set

Decision Tree 0.8673 0.8400 0.8507 0.8527 4
Gradient Boosting 0.9533 0.8790 0.8720 0.9014 1
K-neighbors 0.8603 0.8383 0.8295 0.8427 5
MLP 0.8530 0.8453 0.8645 0.8543 3
Random Forest 0.8947 0.8578 0.8691 0.8739 2
Ridge 0.7375 0.7391 0.7654 0.7473 6

a1l nan1sAneluuiteduiidunisaanisalaniunisal PM 2.5 Tui uf
NTUNNUMIUAT MIeYnToyan1uenleuINgLarNai ¥N190IN1AvEIUTENALNE VB INTY
AuANLATY kag UINFLIAREN NTUNNINIUAT
2819157 MU A1NKANISANEINNITAIANITA @0 unisal PM 25 Tuiuf
NFANNUMIUAT 628n15N15UsEENALY Machine Leaming Techniques Tuau3dedudl lvina
= aa v o ' P ° a x .
nsAnendanugndeiugninslduuuinasameedinaansyalu (Amnuaylojaroen, 2022)

aaa

%QLL‘U‘UQW@@Q‘V]@WﬁWUEN\‘i’m’JQEJMIM R? ~ 0.9014 “Lummm LL‘U“UQ’]&’EJQ‘V]’Jl‘UlW R? ~ 0.600 Uu

q
1 a

ugmsqmsuagammqQuam‘v]mLLavuaﬁwwmmmawizmﬁlm

6.2 UBLAUDLUY

wuusiaeslusufnund unslddeyagniouineuasdeyauaniizniseinia
fsuraluiufingammumues fafuiiufiundes (Urban) nediUBiuamasmiuiy T
Tssugnannsy wazn1siununinssy agaslafany mndnisiiuvudiaeanard
lunnaoutugadoyansadfluiiuiisu AidnvusnisnisaimuazAanssuvestszvisuly
fufuansnstusenty oradmalinanmsfnuilduandsndeyayaifidulsd
Tagannwansdnudanudn Jadesuuiinaenasoadutladendniidwansenude
audaduves PM 2.5 luftuiidne %qluammmmﬂ@ﬁmum‘[ﬂms (Policy Maker) uay
mheauiiietos ﬁmsé’iy’wﬂmm"ﬁh%’amaamﬁﬂﬁmmLLazsﬁauamamwmqmmm%nm’%m
aul (Roadside Area) wagdin13d1929U3u1039135 (Collecting Traffic Data) lunwsonru & R
winlildadfyatoyaininuuudaediiauuiugifiuandy wagaiusamanizal
amanduduves PM 2.5 I¥egnsiussansnmannd i
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el 8199z@ TR IERD DA uRevesn PM 2.5 Tuluatinsiiininuesuln
(Sensitive) fEN159519 57U MUUTRzasawA LTy laegegnasawaznsan Wi
anunsanwsuun ludeymldegediuseavsnmn

6.3 N15398luauIAn (Future Study)

Sloranisliaesian PM 2.5 dhouuusiaesi 6 vl Inglddeyaduoynaunarlunis
nagoukUUTIaes Jslduanismageulstaniniweng R? uanndn 0.7 dsiinanaluluund 5 Tu
wdenaiuuuiiaediuldlaeily (Model Results by General) wuin faudsiiiendesiu
n33Asd PM 2.5 IdiAnauusiugwisluaniunisaind uagladund Tdun Aamsay
(Wind Direction) {usenu (PM 10) uag Juazidon (PM 2.5) ounds daduyadeyad
mheuiAtes Wu nsugnilonive) nsumuatLaiiy wagnhoauiesdu fnafiuada
oejaonvied

Tnef{isevoiausuuzdn mndnsdnuilusuiandienisimiuuudaeaiioainnisal
PM 2.5 w3oasuaiiudie 9 fiiertes Inevindu Dynamic Model nanafe wuusiassly
Wesusainnisaliane PM 2.5 Wiy LUUTIaeIIEnsaAIANITalA R ILUSHN e AL
adeveansiin PM 2.5 1 fimnsau (Wind Direction) dluvenu (PM 10) 1fusu axdasi
Tuuudassdaruiugigendedu

it mnUsemAlnefiuuudiaesiianmsaaanisal PM 2.5 uazaunsniludesenlas
nsaLITuUL Web Application TnsuanssanisTiasgyiuazananisainanmsding tiaue
foyaidu Dashboard azdeiiussleviigegn
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Abstract

Bangkok is one of cities which has severe PM2.5 and traffic congestion problem.
In the past decades, traffic is the main cause of PM2.5. Due to the pandemic of Covid-19
in 2020, Bangkok had been lockdown, this affect to significantly decrease of traffic
volume during that period. In this research, author has studied about how the change of
traffic volume affect to the concentration of pollution especially PM2.5. By collecting
data of 63 points in Bangkok and 4 highways during January 2018 to December 2023, the
data shown that, during lockdown period, the concentration of PM2.5, NOX, NO2, NO
and CO decreased by 14.38%, 12.93%, 18.43%, 2.65% and 5.66%, consecutively.
Meanwhile traffic volume decreased about 40%, the concentration of PM2.5 has no
significant reduction when compared to decreasing of traffic volume. Therefore, due to
pandemic of covid-19, this study found that traffic volume may be a cause of PM2.5, but
it is not a main cause. The effect of season on PM2.5 outweigh traffic volume.

Keywords : Traffic; PM2.5; Covid-19 pandemic; Bangkok — Thailand.
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1. Introduction

US. EPA (United State Environmental
Protection Agency) [1] has set a standard of
small particle which is harmful to human health
by using PM value (Particulate matters). For
PM 10 or course particles is defined as a small
particle found in dust and smoke. It has
diameter from 2.5 to 10-micron diameter and
can be obviously seen. For PM2.5 or fine
particle is tiny particle which has diameter from
2.5 micron and below.

There are loads of evidence and studies
over the world has shown that traffic is the main
factor which contribute PM2.5 [2-7].
Currently, a problem of pollution of PM2.5 has
become a severe problem in Thailand especially
in metropolitan areas such as Bangkok,
Chiangmai, Chiang Rai and Lampang [8,9].
Moreover, traffic jam in Thailand is still the
concerned problem as Bangkok has been on
top-ranking of traffic jam over long period
[10,11]. From beginning of 2020, the pandemic
of Covid-19 had changed people behavior. In
many countries, there are cities lock down
policy which catalyst of online learning and
working. Due to the policy, it not only affects
economic but also restrict activities in
communities. This cause significant reduction
of travel trip and changing of transportation
mode in many countries [12—14]. Especially on
Bangkok highway, during seriously outbreak of
covid-19 period, traffic volume decreased about
40 percent and the number of people which use
public transportation fall by 50 percent [15,16].
Authors questioned on the relation between the
decreasing of traveling and air pollution.

In this research, the statistics data
between 2015 to 2021 was separated into 2
periods for comparing data. First set is data
before pandemic of Covid-19 (from 2015 to
2019) and second set is data during pandemic
of covid-19 (2020 to 2021) [17]. Statistical
method was applied to compare the data in
same period range [16] as well as to study on
dimension of how traffic volume and air
pollution related especially the PM2.5 con-
centration level on changing of traffic.

2. Other Studies

Particulate matter (PM) is made up of
particles (tiny pieces) of solids or liquids that
are in the air. It may include dust, dirt, Soot,
Smoke and drops of liquid (Aerosols). It may
occur from natural source such as dust, pollen,
etc. Also, human activities such as industrial
process, engine working, electrical generation
process, construction mining and agriculture
[18-20], lead to releasing of PM2.5 in
atmosphere occur from releasing elementary
particle and changing of initial substance of
S02, NOX, VOCs and NH3 on primary
releasing stage [21-24]. In addition, PM2.5 not
only fully contain of toxic but also long-lasting
exist in environment. Furthermore, PM2.5 can
flow in long distance through atmospheric
circulation. This is extremely harmful to human
health [25,26].

2.1 PM2.5 in Thailand

According to Pollution Control
Department has estimated that the number of
dead Thai people causes from PM2.5 may
reach 22,000 in 2021 [27]. Considering
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Thailand air quality index (AQI) from
beginning of 2021 [28], the concentration
level of PM2.5 is exceedingly high. Main
factor of PM2.5 are from human activities
especially from transportation — smoke from
exhaust pipe, emission from incomplete
combustion of engine. Those are the main
sources of PM2.5. For instance, Bangkok,
Chiangmai, Khon Kaen, etc [9].

Moreover, high density traffic leads to
countless of PM2.5. Also, Thailand was
ranked fifth in Asian region after Indonesia
(rank 1), Myanmar (rank 2), Vietnam (rank
3), and Loas (rank 4) [8]. In 2021, Lampang
is the city which has highest level of PM2.5
in Thailand. The main reason of PM2.5 in
Thailand is dust and air pollution which
related to seasoning especially river basin in
Chiangmai. As river basin is a source that
gather dust particles from burning agriculture
method to preparing for next rice harvest in
rainy season. These selected areas for
agriculture are valley which its landscape is
suitable for accumulation of PM2.5 [29]. Due
to rapidly climate change, PM2.5 problem,
especially during dry season of north rural
area such as Chiangmai, Lampang and Nan
etc., become increasingly severe over period
[30,31]. Research studies on the causes of
PM 2.5 in community areas such as Bangkok,
found that has higher levels of PM2.5 in the
dry season compared to wet seasons. The
most common sources of PM2.5 emissions in
Bangkok are biomass combustion, traffic,
and industry activities with varying
concentrations based on seasonal factors
[32-34]. There was also a study on pollutant
concentrations for O3, NOX, CO, and SO2

from 1996 to 2009 in Bangkok, between the
residential area and the roadside, it was found
that winter air pollution concentrations are
higher than in summer and rainy seasons.
Also found that the concentration of
pollutants in roadside areas was higher than
in residential areas in Bangkok [35].

2.2 Transportation and PM2.5

Road Transportation is a source of
pollution such as O3 CO, NOX, and
NMVOC; greenhouse gas, CO2, CH4, and
N20; acidic substances NH3 and SO2;
carcinogens, for instance, PAHs and POPs as
well as toxic heavy metals [36]. Over past
period, transportation and traveling is main
cause of PM 2.5 in urban areas. According to
the study about impacts of freight transport
on PM2.5 concentrations in China, it was
shown switching mode of goods
transportation from road freight to sea freight
significantly help in reducing of the PM2.5
concentration level in rural area [37]. In
accordance with another research study,
alternative transport in Adelaide, South
Australia using modeling, found that PM2.5
was directly proportional to VKT, when
VKT decreased by 40%, PM2.5 decreased by
0.4 pg/m3. In other words, shifting
transportation modes from road to others
could help in reducing PM2.5 level [38].
Moreover, the study about trace elements,
which occurs in rush hour compared to the
workweek in Pittsburgh, USA., found that
the concentration of pollution substances, for
instance, As and Se during rush hours is
higher than during other periods in each week
[39]. From the above research, it can be seen
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that in the transport sector, especially road
transport, the higher the traffic density, the
more it affects the occurrence of PM2.5.

2.3 Transportation and PM2.S during
Covid-19 pandemic

In Wuhan, China on December 2020,
the WHO China Country office have been
reported cases of pneumonia of unknown
etiology (unknown case) [40]. Later
confirmed by WHO as an emerging
infectious disease defined as coronavirus
disease 2019 (COVID-19) [41]. Thailand
also declared a state of emergency on 26th
Mar 2021. This leads to a partial lockdown in
Bangkok and surrounding areas. Although
the number of infected cases in other areas
also continuously increases as a result of the
immigration of workers, the number of
confirmed cases never exceeds 200 per day.
The situation of covid-19 in Thailand is still
under control; however, there are uncertain
factors, and it is risky to the outbreak.
Therefore, the government issued prevention
measures and closely monitor the situation
[9]. Throughout the pandemic of Covid-19,
January 2019 to August 2022, Thailand had
taken preventive and proactive measures
until the situation unfolded. Then, covid-19
has been declared endemic. Nowadays
Thailand has reopened its borders to tourists
after a long period of closing. For the
countermeasure, from the first infection was
found till 202 1(when the situation unfolded),
as Table 1.

Table 1. Preventive measure for handling
Covid-19 in Thailand.

Wave
Measure ¥ 29 3d gm0
Restriction on entering R . . .
high risk infected areas
Curfew 9.00pm.— .
04.00am.
Working from home and . . . .

online learning

Restriction on opening
times for shopping malls . . .
and markets

Parks and entertainment
places closed

Border closed .

14 days quarantine on
international arrival

Availability of 1% dose
vaccine (Aug. 2021)

Availability of 2°¢ dose
vaccine

1%t wave, Mar 2020—Jun 2020; 2™ wave, Dec 2020—Jan
2021; 3% wave, Apr 2021-May 2021; 4% wave Jun 2021
Dec 2021; and 5% wave, Jan 2022-May 2022.

Fig. 1. shows the number of infected cases
from January 2020 to June 2021. During the
Ist and 2nd waves of Covid-19, there were
low numbers of new infected cases per day
because of the quarantine policy when
Covid-19 was an emerging disease, with no
developed vaccine. However, after some
people received a vaccination and retuned to
living a normal life, they became familiar
with the Covid-19 situation and were less
careful and ignored some of the preventative
measures. This led to new waves (3rd and
4th) of Covid-19, resulting in increased
numbers of infected cases over a short time
interval.  Concurrently, Covid-19 had
evolved to produce mutations that were more
severe and more rapidly transmitted.
Therefore, during the 4th and 5th waves, the
numbers of infected cases increased to
10,000 per day before continuously
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result, with a P-value lower than 0.05.
Therefore, hypothesis H1 was accepted that
pollution parameters each month before the
pandemic and during the lockdown period
were significantly different.

Table 4 Results of Kruskal-Wallis test on
pollution parameters (January 2015 to
December 2021).

Parameter Statistic
H staftistic H statistic

PM2.5 (ug/m®) 48.57 0.000
PM10 (ug/m’) 49.37 0.000
NOx (ppb) 28.62 0.000
NO: (ppb) 28.94 0.000
NO (ppb) 44.48 0.000
CO (ppm) 36.69 0.000
O3 (ppb) 48.47 0.000

In summary, the concentration of
PM2.5 was significantly influenced by
seasonal factors.

Some research has shown that
decreasing road traffic volume is not the
major cause of decreasing air pollution level,
with general human activity more directly
related to the pollution level [50].

Nonetheless, research in Italy [51], studying
the correlation between road traffic and air
pollution, indicated the effect of traffic on the
concentration of air pollution; however, the
research focus was on NO, NO2, and NOx
(PM2.5 was not mentioned). Therefore, it
was not possible to conclusively determine
the relationship between traffic and the
concentration of PM2.5.

3.3. The relationship between traffic
density and PM2.5

The daily traffic data in the
metropolitan area, shown in Fig. 4., covered
the Chalerm Maha Nakhon Expressway, the
Si  Rat Expressway, Chalong Rat
Expressway, and the Burapha Withi
Expressway. The travel data showed under
normal conditions, the traffic volume on
expressways reached 1.78 million vehicles
per day. However, during the lockdown
period (2020-2021), the traffic volume on
expressways dropped to 1.36 million
vehicles per day.
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appropriate way. However, the data collected
represent only a sample from a part of
Thailand.
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1. INTRODUCTION

The USEPA (United States Environmental Protection
Agency) [1] has set a standard for small particles considered
harmful to human health using a PM (particulate matter)
value. PM10 (coarse particles) defines the small particles
found in dust and smoke having a diameter in the range 2.5—
10 pm which can be clearly seen. PM2.5 (fine particles) are
not visible to the naked eye and have a diameter of 2.5 pm or
less.

There is much published evidence from studies over the
world showing that traffic is the main factor contributing to
PM2.5 levels [2-7]. Currently, pollution caused by PM2.5
has become a severe problem in Thailand, especially in
metropolitan areas such as Bangkok, Chiang Mai, Chiang Rai
and Lampang [8.9]. Traffic jams in Thailand remain a major
concern, with Bangkok being among the top ranking cites for
traffic congestion over a long period [10,11]. Researchers
have investigated this problem over the past decades, with
many studies and analytical model being developed to
identify workable solutions in specific areas. As a traditional
method, analytical models were developed using available
statistical data. Currently, thanks to technology advancement,
re-searchers can apply large datasets of situations and use
machine learning in modeling. Therefore, air quality
prediction models have become more accurate and efficient
in estimating the impact of future problems.

During the last 2-3 years, the Covid-19 pandemic has
substantially reduced human activities, while overall the
environment has been able to recover somewhat [12-14].
Therefore, applying PM2.5 and gaseous pollution during this
period to predict future situations may change the main
factors causing PM2.5, since there are major differences
based on comparing the data on the relationship between
PM2.5 and gaseous pollution during the Covid-19 pandemic
with levels before the pandemic.

Correlation between PM2.5 and gaseous pollutants:
Pearson’s correlation coefficient [15] has been applied to
determine the relationship between PM2.5 and gaseous
pollution before and during the Covid-19 pandemic. This
method is commonly applied in such investigations because
it is easily understood and readily calculated. Its value is
within the range from -1.0 to 1.0, with values close to -1.0
indicating an inverse comrelation, while values close to +1.0
indicating a direct correlation. A Pearson’s correlation value
equal to 0 means there is no correlation. The higher the value,
the stronger the linear relationship between the 2 variables.

Table 1 shows the correlation between PM2.5 and gas
pollutant pre and post the Covid-19 pandemic. Both before
and during the Covid-19 pandemic, PM2.5 and PM10 were
most closely related, followed by NO2, CO, and Nox,
respectively. However, there was significant relationship
between from the reduction in human activities between
PM2.5 and gaseous pollutants regardless of whether before

or during the Covid-19 pandemic. With reference to gaseous
pollutants, human activities may affect the concentration of
PM2.5; however, seasonal factors had a greater significant
impact based on analysis using Kruskal-Wallis one-way
analysis.

Table 1. Correlation between PM2.5 and gaseous pollutants

Pearson’s correlation

Feature s(?Olmﬂ (Covid-19)
PM2.5 PM2.5
PM10 0.792 0.906
co 0.355 0.455
NO 0.268 0.318
NO2 0.470 0.563
NOx 0.380 0.429
03 0.082 0.149
Wind Speed -0.138 -0.115
Wind Direction -0.103 -0.084
Temperature -0.079 -0.141
Relative Humidity -0.224 -0.271
Air Pressure -0.073 -0.002

The meteorological database for Bangkok, Thailand,
contains the concentration of gaseous pollutions for 7 years
(2015-2022), with the beginning of 2021 coinciding with the
start of the Covid-19 outbreak. Thus, machine learning
techniques were applied to compare the analyzed data during
both periods (normal situation and during Covid-19
pandemic) to predict particulate matter (PM2.5) in the future.

2. LITERATURE REVIEW
2.1. PM 2.5 emissions in Thailand

Thailand Pollution control department has estimated the
number of human deaths in Thailand due to PM2.5 may be as
high as 22,000 persons [16]. Considering the air quality index
(AQI) values in Thailand [17] during early 2021 was
undoubtedly the reason for the predicted number of deaths
being is high, with human activities the major driver of the
high AQI values.

The main sources of PM2.5 are from transportation
emissions, especially smoke from exhaust pipes due to the
incomplete combustion of the fuel in major cities, such as
Bangkok, Chiang Mai, and Khon Kaen, where the high traffic
density leads to especially high levels of PM2.5 [9]. In 2021,
Thailand was ranked fifth in the Asian region after Indonesia
(ranked first), followed by Myanmar, Viemam, and Laos,
respectively [8]. In 2021, Lampang recorded the highest peak
level of PM2.5 in Thailand. However, the big cities, such as
Bangkok and Chiang Mai, face severe PM2.5 problems
throughout extended periods. Furthermore, the frequency and
severity of PM2.5 levels have been constantly increasing,
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especially in the dry season [18,19].

The PM2.5 problem in areas such as Bangkok is worse
during the dry season. Other studies study have shown that
the main sources of high PM2.5 levels in Bangkok were from
biomass burning, transportation, and industrial activities,
with the concentration levels varying due to seasonal factors
[16,20,21]. A study on the concentrations of gaseous
pollutants (O3, NOx, CO, and SO2) from 1996 to 2009 in
Bangkok in residential areas and along roads found that air
pollution levels rose during the dry season and dropped
during the rainy and summer seasons. Furthermore, the
roadside concentration levels were clearly greater than for
residential areas [22].

2.2. Analysis and prediction of air pollutants from past to
present

In the past, the prediction and analysis of air pollutants
commonly involved combining statistical data with
traditional based mathematical methods. However, such
methods have some restrictions, including on the number of
factors used for analysis and the dataset must not be too large.
Therefore, the accuracy of the modeling may not have
adequately represented the actual situation [23-27]. Kalman
filtering and single variable linear regression is the primary
method for predicting air quality and pollution levels [28,29].

Currently, air quality analysis tends to be more complex
due to the increasing population and greater numbers of
social activities. Many effects on air quality from increasing
biological and physical diversity are still in doubt, as they
may cause meteorological changes through releasing
greenhouse gas. Therefore, machine learning and neural
network analysis may be applied to predict PM2.5 levels,
especially as new machine learning models can easily
analyze many aspects jointly [30-34]. Additionally, the
results from these new methods have improved the prediction
accuracy [35]. Combining a large dataset of PM2.5 and time
series data in a machine learning model could produce the
highest level of accuracy predicting PM2.5 value [29].

Applying a machine learning (ML) technique, such as
Multilayered Perceptron Regression [36] and regression trees
[37] based methods such as Decision Tree Regression [38],
Random Forest Regression [39], and Lasso, has become the
common method today.

In Australia, a machine learning model has been applied
successfully to attain a higher accuracy level in forecasting
PM2.5 [40]. Other research has compared existing traditional

models with a machine learning regression model using
TAQMN data in Taiwan from 2012-2017 to predict the
concentration level of PM in the air. The results showed that
the machine learning regression model was more accurate
and efficient than the existing traditional models, with the
gradient boosting regressor model being better for
forecasting air pollution using the TAQMN data [32]. A
comparison of 2 ML approaches an artificial neural network
(ANN) and a support vector model (SVM)—the prediction
PM 2.5 in Delhi, India using meteorological and pollutant
parameters over 2 years (2016-2018), it was found that the
ANN model performed better and was more accurate than the
SVM [41]. In China, Random Forest Regression (RF),
support vector regression (SVR), and ANN were applied to
measure the accuracy of multiple ML regression models on
the prediction of PM 2.5. The results showed that RF was
more efficient than SVR and ANN in every aspect (mean
absolute error (MAE) and R2) [42].

Furthermore, applying an ML approach to predict PM2.5,
most research used the boosting technique together with
another type of model, such as XGBoost [43] for which
LSTM (Long Short-Term Memory) proved to be efficient in
detecting PM2.5. This was supported by research from Iran,
where ML-based models were applied using 3 different
models (XGBoost, Random Forest, and deep learning for
PM2.5 prediction). The results showed that XGBoost was the
best performing model compared to the other 2 in terms of
the R2, MAE, and root mean square error (RMSE) values
[44].

It seems that the PM2.5 level has a seasonal distribution,
with the concentration of pollution peaking during the dry
season (November—March) and reducing in the rainy and
summer seasons. The current study predicted PM2.5 levels in
Bangkok by applying different ML techniques to forecast the
level of particulate matter (PM2.5).

3. STUDY AREA AND DATA
3.1. Study area

The meteorological dataset was collected from 2 sources:
Pollution Control Department air quality monitoring stations
(13 points) [45] and Environment Bureau Bangkok air quality
monitoring stations (46 points) [17], as shown in Figure 1.
The monitoring stations were permanently installed 2 meters
above ground level and the instruments were calibrated based
on guidelines of the Pollution Control Department [46].
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Table 2. Summary of datasets and source

Data Source Number of Data Records
(2015-2021)

Pollution Control 13 787,550

Department air

quality monitoring

station

Environment 46 1,516,342

Bureau Bangkok

air quality

monitoring station

Total 59 2,303,892

4. MODELING

After decades of data collection, a large amount of data has
been collected. ML in-volves a combination of statistics, data
science, and mathematics. Many ML models have been
developed to solve problems in a variety of applications and
situations [47-50]. The current study utilized the models
detailed below.

4.1. Machine learning regression models
4.1.1. Decision Tree Model

A decision tree is a commonly used algorithm because it is
readily understandable, provides good results and is user
friendly. It is the foundation of the random forest approach,
which is one of the best algorithms currently in use. The basis
of the decision tree is easily understood, with the model
visualized as an upside-down tree. At the top is the root node
that is divided into child nodes, with leaf nodes the smallest
(not splitable further). At the root node, if the data condition
is fulfilled, then the route proceeds to successive child nodes
until the final leaf node is reached [38]. The decision tree can
be defined using Equations 1 and 2 below,

Information Gain(S, A) = Entropy(S) — Zvevuuutmli'—,IEnb'apy(S,,) (1)

Gain(S, A) = Entropy(S) — Zyyaxuuw%'fntmm'(sv) 2
where S is the set of instances, A is an attribute, S, is a
subset of S, and (4) is the set of all possible values of A.

4.1.2. Gradient Boosting Descent Model

Gradient boosting is a method of learning regression and
classification that converts poorer accuracy into better
accuracy. It is a kind of multi decision tree that builds a new
tree by learning from the errors of past trees based on a level-
wise algorithm [43].

4.1.3. Gradient Boosting Descent Model

K-Nearest Neighbor (K-NN) is a method for classifying
data through supervision to develop an initial model. Then,
the model is classified from the current solution. K-NN is

used to analyze new data that is related to the old data [51].
4.1.4. Multilayer perception Model

Multi-Layer Perception (MLP) is a standard structure of
NN. Generally, the number of input nodes is equal to the
number of features, with the output node equal to 1 where
there are 2 classes, or the number is equal to the available
classes. The number of hidden nodes is variable and is
selected by the user [36].

4.1.5. Random Forest Model

Random Forest (RF) is a machine learning method that is
commonly used to solve problems involving regression or
classification. RF is based on a decision tree [37,39,51]. By
combining many decisions trees, RF is more efficient and
accurate . Multiple decision trees are grown, with each tree
having different features and data to contribute to variety and
independence. The algorithm has several steps:

1. Random feature and data sampled from available dataset

2. A decision tree is constructed from all training data to
find a prediction value

3. The number of selected decision trees is chosen and
steps 1 and 2 are repeated to construct the new decision tree

4. The result is the prediction value of each tree

The final decision tree from the classification is used based
on a majority vote that becomes the final value. However, in
a regression problem, the mean value is calculated from every
decision tree and presented as the final value.

4.1.6. Ridge regression Model

Ridge Regression (RR) involves analysis of a regression
model in which the parameters have a strong correlation.
With this method, there is no need to remove the independent
correlation variable from the model. The fundamental
approach is to increase the regression coefficient value. This
may cause bias on the estimator but with a lower variance that
results in a lower variance of the mean square of error [51].

4.2. Model evaluation

General evaluation indicators were used in this research to
estimate the accuracy of prediction model, with the research
focus on 3 parameters: coefficient of determination (R?), root
mean square error (RMSE), and mean absolute error (MAE).
The formulas are shown in Equations 36, respectively:

s zﬂ;,kv,-v)(x,-x»]]z 3)

z
M ayax

where M is the number of observations, o, is the standard
deviation of the observation X, g, is the standard deviation
of Y, X; is the observation value, X is the mean of the
observed values, Y is the calculated value, and ¥ is the mean
of the calculated values [52].
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MSE = i TR (g — %)? 4) The raw data were divided into 2 groups. The first group
i consisted of specific geographic data at measurement
B = () locations. The second data consisted of a time-series
MAE = % (6)  involving rapid data changes, such as the PM 2.5 data, wind

Where m is the number of observations, %; is the predicted
value, and x; is the actual value.

5. METHODOLOGY

The meteorological dataset for the Bangkok area was
compiled from 2 sources: the Pollution Control Department
air quality monitoring stations and Environment Bureau
Bangkok air quality monitoring stations from 1 January 2015
to 31 December. 2021. The total dataset consisted of 2.3
million values.

speed and direction, temperature, and humidity. The dataset
was built based on several steps:

1. Coding was assigned to each data to make the
computation more efficient in terms of time and size. Codes
were either numeral or letters.

2. Editing was applied to correct the dataset involved
removing junk data and representing blank data with a 0.
Generally, data values were required to be equal to or more
than 0.01.

3. Classifying data into types of computation improved
convenience. In this research, specific data, such as the
measuring location, were classified. Time series data, such as

5.1. Model Procedure PM2.5 data, wind speed and direction, temperature, and
humidity, were classified as shown in Figure 3.

Raw data

(23M)

= RemovePM25outliers
()

Raw data

(1.6M)

\ I Test out data

+ Removeoutlier of PM2.5

Training data

+ Removeincomplete records

* Removeincomplete records

+ Remove mcomplete records

Test data

Training data l

i I Test out data

Fig. 3. Data processing and outlier removal.

In addition, developing a 1.6 million subset of the raw data
was divided into 4 parts: data sourcing, data preparation, ML
algorithms with tuning hyper parameters, and model
evaluation with cross validation, to provide the highest
analysis accuracy of the model.

In summary, the research compiled a 1.6 million subset of

raw data based on time, gas pollutants and metrological
information from 1 January 2015 to 31 December 2021. The
data had been cleaned and formatted before being imported
into the model and used for validation analysis. The overall
process is shown in Figure 4. The details of the procedure are
mentioned in next section.
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[

1

Data Source

ML algorithms Model evaluation
with tuning hyper with cross
parameters validation

Data and Time I ANOVA-Test |

MSE

Decision Tree

Correlation & Time
Series Analysis

Gas Pollutants

Metrological data

Gradient boosting
descent

K-nearest neighbor MAE

Multi layer
perception

Random Forest

Ridge regression

Fig. 4. Workflow of research.

5.2. Data exploration

The Kruskal-Wallis One-Way Analysis of Variance
method was selected to identify the characteristics of the
distribution of the time series data [53,54]. As the Kruskal-
Wallis approach is commonly used to identify the distribution
of air pollution data, its has been proven effective for
monitoring seasonal distribution data regarding air quality
and dominant air pollutants [52,55]. To conduct
characteristic distribution testing, first, the concentration of
pollution data characteristics was assumed using the seasonal
distribution characteristic by setting the hypothesis as:

HO: Median values of each pollution parameter
are equal every month

HI: Median values of each pollution parameter
for each parameter differ at least once per
month

This was tested based on H from Equation 7,

H=[2orn :Aj] —3(n+1) @)
Where n is the sum of sample sizes for all samples, c is the
number of samples, 7)) is the sum of ranks in the j™" sample,
and nyis the size of the 7" sample.
Table 3 shows that the median values for each pollution
parameter were different for at least 1 pair in each month,
with P-values lower than 0.05. Therefore, hypothesis H1 was

supported and so it was correct to consider for each month
that the pollution parameters before and during the lockdown
period were significantly different.

Table 3. Kruskal-Wallis test results of pollution parameters
(January 2015 to December 2021)

Statistics

g H statistic Asymp. Sig.
PM2.5 (ug/m*) 4857 0.000
PM10 (ug/m*) 4937 0.000
NOx (ppb) 2862 0.000
NO: (ppb) 2894 0.000
NO (ppb) 4448 0.000
CO (ppm) 36.69 0.000
O: (ppb) 4847 0.000

In summary, the testing results showed that the seasonal
factors on pollution significantly outweighed the influence of
road traffic volume. Furthermore, other research has shown
that decreasing the road traffic volume was related to air
pollution levels, with human activities being more directly
related to the pollution level [56].

5.3. Time Series Analysis

Empirical evidence of PM2.5 and gas pollutants based on
time series: Plotting the air pollutants parameters from 1
January 2015 to 31 December 2021 as a time series by day
clearly showed that gas pollutant levels were dependent on
seasonal factors, including PM2.5, as shown in Figure 5.




182




183




184




185

K Jedwanna, S. Paengkanya, and P. Boonkanit / GMSARN International Journal 125
Table 4. Results of training and test values for different machine learning models forecasting PM2.5
Model Historical Training Test
Data Feature R? MSE RMSE MAE R} MSE RMSE MAE
Decision Tree by hour 0.8017 65.7543 8.1089 5.8145 0.7890 70.0052 8.3669 5.9728
by day 0.7618 80.9123 8.9951 6.0930 0.7241 92.6223 9.6240 6.5184
by month 0.7921 67.3461 8.2065 5.8507 0.7827 72.7251 8.5279 6.0172
no time 0.7544 81.2886 9.0160 6.3955 0.7418 86.8981 9.3219 6.5325
Gradient Boosting by hour 0.8284 55.6621 7.4607 54034 0.8051 64.9063 8.0564 5.7150
by day 0.7824 73.2535 8.5588 6.0007 0.7645 78.3282 8.8503 6.1122
by month 0.8642 43.9988 6.6332 4.7948 0.8329 55.9262 7.4784 52317
no time 0.7848 71.2274 8.4396 6.0626 0.7588 81.1613 9.0090 6.3240
K-neighbors by hour 0.8302 56.3061 7.5037 5.3432 0.7901 69.6302 8.3445 5.9256
by day 0.8077 65.0308 8.0642 5.3802 0.7653 80.6869 8.9826 6.0057
by month 0.8624 45.7893 6.7668 4.7886 0.7898 68.7357 8.2907 5.8749
no time 0.8325 56.8526 7.5401 5.0911 0.7465 87.0013 9.3274 6.2412
MLP by hour 0.7142 96.9269 9.8451 6.9650 0.7073 96.7124 9.8342 6.8934
by day 0.7005 99.0589 9.9528 6.9428 0.6913 1094271 10.4607 7.2350
by month 0.7059 99.5924 9.9796 7.0319 0.6843 102.5848 10.1284  7.1108
no time 0.6542 126.7605 11.2588 8.1284 0.6386  130.5280 11.4249 8.3154
Random Forest by hour 0.8205 57.5180 7.5841 52128 0.8010 62.6875 7.9175 54309
by day 0.7006 110.0523  10.4906 7.4418 0.6714  121.3946 11.0179 7.7173
by month 0.8166 58.4333 7.6442 5.2637 0.7997 64.5855 8.0365 55144
no time 0.6907 114.5693  10.7037 7.6976 0.6578  125.3576 11.1963 7.9611
Ridge by hour 0.6983 100.0441  10.0022 7.2036 0.6979  100.2079 10.0104  7.1910
by day 0.6637 113.5240 10.6548 7.5389 0.6714  110.1318 10.4944  7.4766
by month 0.6983 100.3902  10.0195 7.2072 0.6970 99.0929 9.9545 7.2097
no time 0.6670  110.2289 10.4990 7.5299 0.6640  113.0522 10.6326  7.5495

After testing the models with the historical data in the
testout dataset (during the Covid-19 Pandemic), the result
also showed that the historical data by the hour provided the
best performance in the descending order

Gradient

Boosting, Decision Tree,
Ridge, and MLP Model, respectively. The R? value for the

Random Forest, K-neighbors,

Gradient Boosting model by the hour was 0.8053, as shown

in Table 5. The result was significantly related to the test set.

Table 5. Resulting testout values for different machine learning models forecasting PM2.5 during Covid-19 pandemic

Testout (Covid-19 Pandemic)

Model Time Series B
R* MSE RMSE MAE
Decision Tree by hour 0.8035 50.1563 7.0821 4.6952
by day 0.7501 69.3920 8.3302 5.5310
by month 0.7918 51.8494 7.2007 4.7252
no time 0.7642 59.8631 7.7371 5.1764
Gradient Boosting by hour 0.8053 48.5086 6.9648 4.5551
by day 0.7998 49.8644 7.0615 4.5519
by month 0.7818 543374 7.3714 4.8408
no time 0.7678 58.9524 7.6780 5.0122
K-neighbors by hour 0.7809 55.9070 7.4771 5.0635
by day 0.7318 744811 8.6302 5.9177
by month 0.7477 64.3791 8.0237 5.4863
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Testout (Covid-19 Pandemic
Model Time Series = { )
R* MSE RMSE MAE
no time 0.6986 83.7123 9.1494 6.3331
MLP by hour 0.7017 81.4719 6.2649
by day 0.7052 80.4965 6.4183
by month 0.7010 81.6593 6.2794
no time 0.6782 86.0405 6.4872
Random Forest by hour 0.7936 57.3293 7.5716 4.9910
by day 0.7003 81.8452 9.0468 6.4941
by month 0.7965 56.5099 7.5173 4.9020
no time 0.7044 80.7073 8.9837 6.3562
Ridge by hour 0.7073 74.6906 8.6424 5.9407
by day 0.7159 70.7681 8.4124 5.7173
by month 0.7052 752117 8.6725 59715
no time 0.6841 80.2058 8.9558 6.2944
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7. CONCLUSIONS

The main objective of this research was to predict the PM2.5
level using 6 different machine learning approaches based
on 1.6 million records of PM2.5 time-series data from 1
January 2015 to 31 December 2021.

The dataset was divided into 3 groups: a training dataset for
model building, consisting of 80% of the PM2.5 data from
2015 to 2019; a test dataset to check the accuracy of the
predictive model, consisting of the remaining 20% of the
training set; and a testout dataset based on the complete data
covering the period during the Covid-19 pandemic from
2020 to 2021.

Six models were investigated: Decision Tree, Gradient
Boosting, K-neighbors, MLP, Random Forest, and Ridge.
Model accuracy was investigated using historical data fea-
tures by the hour, by the day, by the month and with no time
to determine the contribution of time related data to model
accuracy based on the values for R2 RMSE, and MAE.

The results showed that historical data by the hour deliver
the best performance with the descending ranking of the
models being: Gradient Boosting, Random Forest, K-
neighbors, Decision Tree, MLP, and Ridge Model,
respectively. Gradient Boosting by the hour provided the
best results for both the training dataset (R2 =0.8284) and
the test dataset (R2 =0.8051). In addition, based on the R2
values of the testout dataset Gradient Boosting provided the
same result (R2 =0.8053).

In summary, predicting the PM2.5 level in the Bangkok
area with meteorological data and data from the Bangkok
Air Pollution Department, the Gradient Boosting model
using historical data by the hour was the most appropriate
model for PM2.5 prediction regardless of the timing (before
or during the Covid-19 pandemic).

8. RECOMMENDATION

The model was based on meteorological and pollution data
for Bangkok, which has a high traffic density but low
industrial agricultural activities. The results should be
applied taking this information into account. The results
may vary depending on different physical characteristics.
The results indicated that the traffic volume directly
affected the PM2.5 concentration level in the study area. In
future, policy maker should install monitoring stations to
collected meteorological and pollution data from roadside
areas as well as collecting traffic data. This could help to
improve the prediction of PM2.5 levels and lead to more
efficient analysis of the root causes of the PM2.5 problem in
urban areas with large traffic volumes that vary over time
during the day and week. This could help policy makers to
gather more useful data to effectively address the problem.
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1. Coding ¥@INT¥UIUNT NFATNFIUTOYA

Load Data
In [6]: data64 = pd.read_csv('Data_2564.csv’); print('2564', data64.shape)
dataé3 = pd.read_csv('Data_2563.csv’); print('2563', data63.shape)
data62 = pd.read_csv('Data_2562.csv’); print('2562', data62.shape)
dataél = pd.read_csv('Data_2561.csv’); print('2561', data6l.shape)
datal - pd.read_csv('Data_13stations_256@ 2564.csv'); print( nsuuaviz’, datal.shape)
data? - pd.read_csv( Data_lstations_2558 2564.csv’); print('siuwi’, data2.shape)
all_data = pd.concat([data64,data63,data62,databl,datal,data2])
all_data = all_data[all data[ 'PM2.5(ug/m3) ' ]>8]
all_data.shape; all_data.head()
print('pm2.5:",
all_data[all_data['PM2.5(ug/m3) " ]>@].shape
print('Gas:",
all_data[ (all_data[ 'PM2.5{ug/m3) ']>8)&(all_data[ "CO{ppm)"' ]>8)&(all_data[ "NO(ppb)’ ]>@)&(all_data[ 'NO2(ppb) ' ]>@)&(all_data[ 'NOX(pp
)
print({'Atmosphere: ",
all data[ (all_data[ 'PM2.5(ug/m3) " ]»>@)&(all_data[ "WS{m/s)' ]>@)&(all_data[ "WD(Deg)' ]>@)&(all_data[ ' Temp(Deg.C)']>@)&(all_data[ "RH({?
)
all_data.describe()
b
2564 (482939, 18)
2563 (483512, 18)
2562 (486271, 18)
2561 (283660, 18)
nssAie (738416, 15)
mwd (51134, 135)
Out[e]: (1646180, 15)
Add More Features
In [2]: # Load original data

all_data[ 'Year'] = all_data.apply(lambda x: str(x['Key_mth'])[@:4], axis=1)

all_data[ 'Year_prev'] = all _data.apply(lambda x: str{int(x['vear'])-1), axis=1)

all_data[ 'Month"] = all_data.apply(lambda x: str(x['Key mth'])[4:6], axis=1)

all data[ 'Day'] = all_data.apply(lambda x: str(x['kKey mth'])[6:8], axis=1)

all_data[ 'Hour'] = all_data.apply(lambda x: np.nan if (x['Hour']=="-1') or (x['Hour']=="nan') else str{x['Hour']}, axis=1)
all_data['data_split®] = all data.apply{lambda x: 'test' if x['Key_mth']>-20200325 else 'train’, axis=1)

all_data['Date'] = pd.to_datetime(all data['Key_mth'], format="%y¥m¥%d')

all_data[ 'Weekday'] = all_data.apply(lambda x: x['Date’'].weekday(), axis=1)

all_data[ 'Weekyear'] = all_data.apply(lambda x: int(x['Date’].strftime('%W'))+1 if x['Year']!="20818" else int(x['Date’'].strftime|
print('All data:", all_data.shape, all_data.columns)

# Add pm2.5 Lag
def lag(data, target="PM2.5(ug/m3)", time_prev=['Year'], time_cur=['Month’', 'Day’, 'Hour']):
time = time_prev =+ time_cur
col_used = time + [target]
col_final = [target] + [target + ' _lag’]
master_lag = data[col_used].groupby(time).agg( 'mean’).reset_index()
col_join = list(map(lambda x: x+'_prev’, time prev)) + time cur
master_lag.columns = col_join + [target]
all_data2 = data.merge(master_lag, how="left’', on=col_join, suffixes=('",'_lag'))

return all_data2

all_data_lag = lag(all_data, target='PM2.5(ug/m3)’', time_prev=['Year'], time_cur=
print('All data (Add pm2.5_lag):', all data_lag.shape, all_data lag.columns)

Month'])

all_data_train = all_data_lag[all data lag["data split']=
all_data_test = all_data_lag[all data lag['data split']
print('All train data:', all_data_train.shape, all data_train.columns)
print('All test out data:", all_data_test.shape, all_data_test.columns)

# remove outlier of pm2.5 (For all data train)
all_data_trainl = all_data_train[(all_data_train['PM2.5(ug/m3) " ]<=165)]
print('All train data (pm2.5<=165):", all_data_trainl.shape, all_data_trainl.columns)

# set primary key
all_data_trainl[ Primary key'] = all_data_trainl.apply(lambda x: x['File’]+'&"+str(x['Key _mth']), axis=1)
all_data_trainl.set_index('Primary key", inplace=True)

all_data_test['Primary_key'] = all_data_test.apply(lambda x: x['File']+'&"+str(x[ Key_mth']), axis=1)
all_data_test.set_index(Primary_key', inplace=True)




198

In [11]:

Data Transformation

# Data preparation

x_time = ["Month’,"Hour']; x time_woe = ["Month_ WOE', 'Hour WOE']

x_atm = ['Ws(m/s)', 'WD(Deg)', Temp(Deg.C)', RH(%)", BP(mBar)"]

x_gas = ['CO(ppm) ', "NO(ppb)‘, *NO2(ppb)', 'O3(ppb)', PM1B(ug/m3)'] #, 'PM2.5(ug/m3)_Llag', 'NOX(ppb)"
col_x = x_atm + x_gas #+ x_time

col_x_selected = x_atm + x_gas #+ x_time_woe

col_y = ['PM2.5(ug/m3)"]

def convert_time_period(x):
if x in [0,1,2,3,4,5]: return 'Dawn’
elif x in [6,7,8,9,10]: return 'Morning’
elif x in [11,12,13,14,15,16,17]: return 'Evening’
elif x in [18,19,20,21,22,23]: return 'Night'
else: return np.nan

def WOE_continous(data, col x, col_y):
data[col_x] = data[col_x].fillna( 'NoData")
k = data[[col_x,col_y]].groupby(col_x)[col_y].agg([ 'count”, 'sum']).reset_index()
k.columns = [col_x, 'Count’, 'Sum']
k['sum '] = (k['Sum"] / k['Sum'].sum()*1@@8).round(2)
k['Count %'] = (k['Count'] / k['Count'].sum()*188).round(2)
k[col_x+'_WOE'] = np.log(k['sum %¥'] / k['Count %°]).round(2)
k = k.sort_values(by=col_x+'_WOE"')

dict_woe = {}; new_col_woe = col_x+'_WOE’
for row in k[col _x]:

dict_woe[row]=k[k[col_x]==row][new_col_woe].values[@]

return k, dict_woe

def prep_data(data_train, data_test, col_x, col_y, col_cat):

data_train_tmp = data_train.copy()[col_x+col y]
data_test_tmp = data_test.copy()[col_x+col y]

data_train_tmp.dropna(inplace=True)
data_test_tmp.dropna(inplace=True)

X_train, X_test, y_train, y_test = train_test split(data_train_tmp[col x], data_train_tmp[col_y[8]], test size=98.2)

X_test out = data_test tmp[col x]; y_test out = data test_tmp[col y[@]]
print('Train set', X_train.shape)

print(‘Test set', X test.shape)

print(’Test out set', X test_out.shape)

new_col_woe_ls = []
if len{col_cat)>@:
train_tmp = X_train.copy()
train_tmp[col y[@]] = y_train
for col_woe in col_cat:
df_woe, dict woe = WOE_continous(train_tmp, col woe, col y[@])
new_col_woe = col_woe+' _WOE®
new_col woe_ls.append{new_col_woe)

X_train[new_col_woe] = X_train[col_woe].map(dict_woe)
X_test[new_col_woe] = X_test[col woe].map(dict_woe)
X_test_out[new_col_woe] = X_test out[col woe].map(dict_woe)

# scale data

col_scale = col_x + new_col_woe_ls #lisi(set(col_x)-set(col_cat))
pd.options.mode.chained_assignment = None

scaler = MinMaxScaler()

scaler.fit(X_train.loc[:,col_scale])

X_train.loc[:,col_scale] = scaler.transform(X_train.loc[:,col_scale].values)
X_test.loc[:,col_scale] = scaler.transform(X_test.loc[:,col_scale].values)
X_test_out.loc[:,col_scale] = scaler.transform(X_test_out.loc[:,col_scale].walues)

# - Log

normal_scaler = PowerTransformer(standardize=True)
nermal_scaler.fit(X_train.loc[:,col_x])

X_train.loc[:,cel_x] = normal_scaler.transform(X_train.loc[:,col_x].values)
X_test.loc[:,col x] = normal_scaler.transform(X_test.loc[:,col_x].wvalues)
X_test_out.loc[:,col_x] = normal_scaler.transform(X_test_out.loc[:,col_x].values})

return X_train, X_test, X_test_out, y train, y test, y_test_out
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2. Coding YB4NTLUIUNNT NMIATUANAMAINYBITOUA WAZNITARLERNAILUS

Feature selection

In [1@]: def feature_selection(X_train, y_train, n_features = [4,5,6,7,8]):
result=pd.DataFrame(}
for v_features in n_features:
rfe = RFE(estimator=RandomForestRegressor(), n_features_to_select=v_features)
rfe.fit(X_train, y_train)
model = pd.DataFrame()
model[ 'model_rfe’] = ['RF']; model['n_features'] = [v_features];
model[ ' features'] = [list(X_train.columns[rfe.support_])]
model[ ' features_score'] = [list(rfe.estimator_.feature_importances )]
result = pd.concat([result, model]).reset_index(drop = True)
return result
In [8]: |tune_result = feature_selection(all data_train2[col_x_selected], all_data_train2[col_y[@]], n_features = np.arange(1,14,1))

tune_result

# tune_resu

o
c
+
=

# tune_result = pd.read_csv( 'feature_selection_lag hour.csv')
Lt

for i in range(len(tune_result)):
features_score = tune_result.loc[i, features_score']
# features = tune_result.loc[i, "features']
features =
n_features = len(features)
print('n_features=',n_features, features)

tmp_data = pd.DataFrame({'n_features'
feature_selection =

:[str(n_features)]*n_features, 'features':features,

model_rfe n_features features features_score
0 RF 1 [PM10{ug/m3)] .o
1 RF 2 [PM10{ug/m3), PM2 5{ug/m3)_lag] [0.6808810056407285, 0.3191189943592716]
2 RF 3 [WD{Deg). PM10{ug/m3), 'PM2 5(ug/m3) lag] [0.14558324200418699, 0.6738364671832584 0 18
3 RF 4 [WD(Deg), PM10{ug/m3}, 'PM2 5(ugim3)_lag' [0.1155823411336168. 0 6579675662609516, 0 128
4 RF 5 [WD(Deg). 'CO(ppm), 'PM10{ug/m3), 'PM2.5(u... [0.0899066022927673, 0.0533413133265937, 0.645...
5 RF & [WD(Degy, 'CO{ppm) 'NO(ppby 'PM10{ug/m3) . [0.07201725534212863 0.07123563923463042, 0.0
6 RF T [WD{Deg), 'BP(mBar), 'CO(ppm)’, ‘NO(ppb), ... [0.06255348159664844, 0.051872187704857066, 0....
7 RF & [WD(Deg), Temp({Deg.C}, 'BF(mBar), 'CO(ppm... [0.05196540274883804, 0.045071982142820617, 0.0...
8 RF 9 [WD(Deg), Temp(Deg.C), 'BF(mBar), 'CO(ppm... [0.04662395843710494, 0.037812136617411236, 0.
9 RF 10 [WD{Deg), Temp(Deg.C). 'RH(%), 'BEP(mBar)... [0.042032107520671786, 0.03270204001294556, 0.0...
10 RF 11 [WD{Deg), Temp(Deg.C). 'RH(%), 'BP(mBar)... [0.03798967897617767, 0.02997621120083328, 0.0...
" RF 12 [WD{Deqg), Temp(Deg G, 'RH{%), 'BR(mBar)" [0.035968333908372605, 0.026912895268851128, 0
12 RF 13 [WS(mis)', "WD{Deq), Temp(Deg G}, 'RH(%)' [0.01815196168604188, 0.03282611006035553, 0.0

In [287]: |feature_selection = pd.DataFrame()

ast.literal_eval(tune_result.loc[i, 'features'])

n_features=
n_features=
n_features=
n_features=
n_features=
n_features=
n_features=
n_features=
n_features=

pd.concat([feature_selection,tmp_data])

['PMl@(ug/m3)*]
['WD(Deg)®, ‘PM1e{ug/m3)']

['WD(Deg)", "CO(ppm)', 'PM1@(ug/m3)"]
['WD(Deg)", "CO(ppm)', 'PM1@(ug/m3)", 'Month_WOE']
"co(ppm)’, 'PM1@(ug/m3)', 'PM2.5(ug/m3)_lag’, "Monmth_WOE']

['wp(Deg)",
['wD(Deg)",
['wD(Deg)",
['wo(Deg)",

"BP(mBar)', 'CO(ppm)", 'PMl@(ug/m3)',
"Temp(Deg.C)', 'BP(mBar)’, 'CO(ppm)', 'PM1@(ug/m3)', 'PM2.5(ug/m3)_lag’,
"Temp(Deg.C)', 'BP(mBar)", "CO(ppm)', 'MO(ppb)', 'PM1@(ug/m3)",
"Temp(Deg.C)", 'RH(%)", "BP(mBar)', 'CO(ppm}", °"NO(ppb)', "PM1@({ug/m3)",

1

2

3

a

5 ['WD(Deg}",
3 ‘PMZ.S(ug/m3)_lag', ‘Month_WOE']
7

B

9

'PHZ.5{ug/m3}_lag®,
'PM2.5(ug/m3)_lag’',

: features_score})

*Month_WOE" ]

"Month_WOE"]
"Month_W

0E']

n_features= 10 ['WD(Deg)', "Temp(Deg.C)', 'RH(¥)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'O3(ppb)', "PM1@{ug/m3)', 'PM2.5(ug/m3)_la
g', "Month_WOE']

n_features= 11 ['WD(Deg)', "Temp(Deg.C)', "RH(¥)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'NO2(ppb)', '03(ppb)', 'PM1@(ug/m3)"', 'PM
2.5(ug/m3)_lag', 'Month_WOE']

n_features= 12 ['WD(Deg)', "Temp(Deg.C)', "RH(¥)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'NO2(ppb)', '03(ppb)', 'PM1@(ug/m3}"', 'PM
2.5(ug/m3)_lag', 'Month_WOE', 'Hour WOE']

n_features= 13 ['WS(m/s)"', "WD(Deg)', 'Temp(Deg.C)", 'RH(®)', 'BP(mBar)', 'CO(ppm)', 'NO(ppb)', 'NOZ(ppb)', '03(ppb)', "PM1@{u

g/m2)', "PM2.5(ug/m3)_lag', 'Month_WOE', 'Hour WOE']
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3. Coding 983NTEUIUNITHAIUILUUIIADY

Model

In [13]: def score(model, X train, y train, X_test, y_test, X_test out, y test_out):
y_pred_train = model.predict(X_train)
# y_pred_train valid = model.predict(X_train_valid)
y_pred_test = model.predict(X_test)
y_pred_test_out = model.predict(X_test_out)

def r2_adj(y, y_pred, X):
n, p = X.shape
return 1 - ((1 - r2_score(y, y_pred)) * (n - 1)}/(n-p-1)

result = pd.DataFrame(data =

{
"R2-adj_train":[r2_adj{y_train, y_pred_train, X_train)], 'R2-adj_test':[r2_adj(y_test, y_pred_test, X te:
"MSE_train':[mean_squared_error(y_train, y_pred_train, squared=True)], 'MSE_test':[mean_squared_error(y_1

"RMSE_tra :[mean_squared_error(y_train, y_pred_train, squared=False)], 'RMSE_test':[mean_squared_error(
"MAE_train':[mean_absolute_error(y_train, y_pred_train)], 'MAE_test':[mean_absolute_error(y_test, y_pred|
1

)

return result
def model_tune_params(X, y, model, param_grid, n_iter=5):

def r2_adj(y, y_pred, X):
n, p = X.shape
return 1 - ((1 - r2_score(y, y_pred)) * (n - 1))}/(n-p-1)

scoring = {"R2-adj": make_scorer(r2_adj, X=X).
"MSE": make_scorer(mean_squared_error, squared=True),
"RMSE": make_scorer({mean_squared_error, squared=False),
"MAE": make_scorer(mean_absolute_error)

}

gs = RandomizedSearchCV(model, param_grid, n_iter=n_iter, cw=5, scoring=scoring, refit="R2-adj", return_train_score=True, n_;
gs. Tit(x, y)

gs_result = pd.DataFrame(gs.cv_results_)

col = [x for x in gs_result.columns if x.startswith(('mean_',"'std_','params')) and not x.endswith(('_time'))]

gs_all = gs_result[col].sort_values{by="mean_test_R2-adj', ascending=False).reset_index(drop = True)

gs_best = pd.DataFrame(gs_sll.iloc[@,:]).transpose().reset_index(drop = True)

return gs_all, gs_best, gs.best_params_, gs.best_estimator_

In [14]: def model tune_params_by n_features(X train, y train, X_test, y_test, X test out, y test out, n_iter=5):
#dict _params = {}
# k-neighbor
param_grid = {'n_neighbors': [5,10,50,100,3008,500,1800], "weights': ['uniform®']}
model = KNeighborsRegressor()
kn_gs_all, kn_gs_best, kn_param, kn_model = model_tune_params(X_train, y_train, model, param_grid, n_iter=n_iter)
kn_score = score(kn_model, X_train, y_train, X _test, y test, X_test_out, y_test_out)
kn_gs_best = pd.concat([kn_gs_best, kn_score], axis=1)
kn_gs_best[‘algorithm’] = 'K-neighbors'; kn_gs_best['best_param®] = [kn_param]; kn_gs_best[*best_model'] = [kn_model]
#dict_params[ 'KN'][ "best_param'] = kn_param; dict_params['KN'][ *best_model "] = kn_model

— L

# Linear regression

param_grid = {"alpha*: [@,@.1,08.3,8.5,1,3,5,18]}

model = Ridge()

1r_gs_all, lr_gs_best, 1lr_param, lr_model = model_tune_params(X_train, y_train, model, param_grid, n_iter=n_iter)
1r_score = score(lr_model, X_train, y train, X test, y test, X test out, y test_out)

1r_gs_best = pd.concat([1r_gs_best, lr_score], axis=1)

1r_gs_best[‘algorithm®] = 'Ridge’; lr_gs_best['best_param®] = [lr_param]; lr_gs_best["best_model'] = [lr_model]
#dict params['LR'J[ "best param'] = Lr_param; dict params['LR']J["best model'] = Lr _model

# Decision tre

param_grid = {"max_depth™: [3,4,5,6,7,8,9,18],
"min_samples_split™: [1lee,360,500]

model = DecisionTreeRegressor()

dt_gs_all, dt_gs_best, dt_param, dt_model = model_tune_params(X_train, y_train, model, param_grid, n_iter=n_iter)
dt_score = score(dt_model, X_train, y train, X test, y test, X test out, y_test_out)

dt_gs_best = pd.concat([dt_gs_best, dt_score], axis=1)

dt_gs_best[‘algorithm®] = 'DecisionTree’; dt_gs_best['best_param’'] = [dt_param]; dt_gs_best['best_model'] = [dt_model]

#dict_params[ 'DT'J[ "best_param dt_param; dict_params[ 'DT'][ "best model'] = dt_model

# Random forest

param_grid = {"n_estimators™: [1@@,300,500],
"max_depth”: [3,4,5,6,7,8,9,1@],
"min_samples_split™: [1@e,366,500]

model = RandomForestRegressor()

rf_gs_all, rf_gs_best, rf_param, rf_model = model_tune_params(X_train, y_train, model, param_grid, n_iter=n_iter)
rf_score = score(rf_model, X_train, y_train, X_test, y test, X_test out, y_test_out)

rf_gs_best = pd.concat([rf_gs_best, rf_score], axis=1)

rf_gs_best['algorithm®] = 'RandomForest’;rf_gs_best['best_param’] = [rf_param]; rf_gs_best["best_model'] = [rf_model]

#dict params['RF'][ 'best param’'] = rf param; dict params[ RF']['best model’'] = rf model
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# Gradient boosting

param_grid = {"learning_rate": np.arange(®.85,8.
"n_estimators™: [186,360,508],
“max_depth™: [3,4,5,6,7,8,9,18],

" _samples_split [1e@,368,508]

4,8.05), # learning rate

m

model = GradientBoostingRegressor()

gb_gs_all, gb_gs_best, gb_param, gb_model = model_tune_params(X_train, y_train, model,

param_grid, n_iter=n_iter)

gb_score = score(gb_model, X train, y train, X test, y test, X test out, y test_out)

gb_gs_best = pd.concat([gb_gs best, gb score], axis=1)

gb_gs_best['algorithm'] = 'GradientBoosting'; gb_gs_best['best param'] = [gb_param]; gb gs best['best _model'] = [gb_model]
#dict_params['GB'][ 'best _param'] = gb param; dict paroms['GB']['best model'] = gb model

# mlp

param_grid = {'hidden_layer_sizes': np.arange(1, len(X_train.columns)+1), ‘activation': ['tanh’, 'relu’']}

model = MLPRegressor(max_iter=2@@e)

mlp_gs_all, mlp_gs_best, mlp_param, mlp_model =
mlp_score = score(mlp_model, X_train, y_traim, X_test, y_test, X_test_out, y_test_out)
mlp_gs_best = pd. comcat([mlp gs best, mlp_score], axis=1)
mlp_gs_best[’ algal ithm'] = ; mlp_gs_best['best_param'] =
#dict_params[ "MLP' ][ "best_param Lp_param; dict_params|

best_model "]

gs_result =
tuple_model =

pd.concat([kn_gs_best,
(kn_model, 1lr_model,

1r_gs_best, dt_gs best,

dt_model, rf_model, gh_model, mlp_model)

n_features = len(X_train.columns); col x = list(X_train.columns)

gs_result['n_features'] = n_features

gs_result[ ' features'] = str(col_x)
gs_result['data_record (train) = X_train.shape[@]
gs_result['data_record (test)"] = X _test.shape[@]
gs_result['data_record (test out)'] = X_test out.shape[8]

return gs_result, tuple_model

model_tune_params(X_train, y_train, model,

[mlp_par‘am]; mlp_gs_best['best_model']

= mlp_model

param_grid, n_iter=n_iter)

= [mlp_model]

rf_gs best, gb_gs best, mlp_gs best])

In [17]: def model_result by n_features({features):
col_x_selected_tmp = features
col x_tmp = [col.replace{' WOE','') if col.endswith(" WOE") else col for col in col _x_selected_tmp]
col_cat = [col.replace('_WOE','') for col in col_x_selected_tmp if col.endswith('_WOE')]
col y tmp = ['PM2.5(ug/m3)"]
print(col_x_tmp)
X_train, X_test, X_test_out, y_train, y test, y test out = prep data(all_data_trainl, all_data_test, col_x_tmp, col y tmp, cc
final, tuple_model = model_tune_params_by_n_features(X_train[col_x selected_tmp], y_train, X_test[col_x_selected_tmp], y_tesi
display(final[[*algorithm’, "‘params’, ‘'mean_train_R2-adj", ‘'mean_test R2-adj','R2-adj_train’, ‘R2-adj_test’, "R2-adj_test_out’, 'd:
# features(X _train[col_x selected tmp], y train, X test out[col_x selected tmp], y test out, dict p¢
#
return final, tuple_model
L4
In [43]: ## End
start = datetime.now()

features = tune_result.loc[@, 'features']

# features = gst.literal_eval (tune_result.loc(e, 'features’])
finall, tuple_modell = model_result_by n_features(features)
finall.to_csv('l.model_evaluation_1.csv", index=False)

# pickle.dump(tuple modell, open("l.model I.pklL", ‘wb'))
end = datetime.now()

print(’total time:', (end-start).total_seconds()/68, 'min")
['PH12(ug/m3)"]

Train set (256632, 1)

Test set (64159, 1)

Test out set (537928, 1)

fusr/local/lib64/python3.6/site-packages/sklearn/model_selection/ search.py:282: UserWarning:

s smaller than n_iter=5. Running 2 iterations. For exhaustiwve searches, use GridSearchCv.
% (grid_size, self.n_iter, grid size), UserWarning)

The total space of parameters 2 i

e R T R M M
0 K-neighbors {Wne_'ﬂ::;m“o’;!“’s"a} 0687069 0683997 0687173 0682570 0620115 256632 54159 537928
0 Ridge falpha’ 0.5} 0618619 0618607 0613613 0617851 0524772 256632 54159 537928
0 DecisionTres f’"‘”—“".'ﬂ‘:fs_—;;g:;._?g} 0.693062 0687877 05692724 0685619 0.614255 258632 54159 537928
0 RandomForest .minisg”ﬁzli'y'i‘j;ﬁfigg?: 0692269 0689256 0691975 0686744 0.623888 256632 54158 537928
0 GradientBaosting 'min,s?aﬂnngsT:;ﬁf:sgg?: 0699129 068652 0698017 0.684910 0.619469 256632 54158 537928
0 yip  hidden_layer_sizes’ 1. 0676166 0676162 0676350 0673000 0.600919 258632 54159 537928

‘activation’: tanh’}

total time: 68.33293675 min
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