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MACHINE LEARNING MODEL FOR FORECASTING PARTICULATE MATTER CONCENTRATION (PM 2.5)

NY3RU UgHAIINDI1*, WA uHi2

Abstract

The issue of particulate matter (PM2.5) pollution is escalating in Thailand. This research aims to
investigate the utilization of industrial data in conjunction with machine learning techniques to create a
preliminary model for predicting the concentration of PM2.5 in advance. The goal is to enhance the
understanding of PM2.5 trends and to develop suitable management plans to address future PM2.5 levels. In
this research, a dataset was created by combining information from two public sources using web scraping
scripts, as follows: (1) the fine particulate matter (PM2.5) data extracted from the Berkeley Earth website; (2)
meteorological data obtained from the Weather Underground website, specifically from the IKRUNGTH3 station,
located near Vibhavadi Rangsit 60, Lak Si, Bangkok. The data spans from January 1 to December 31, 2018 and
January 1 to September 28, 2019, and includes variables that may influence PM2.5 levels, such as temperature,
dew point, humidity, wind direction, wind speed, gust speed, and atmospheric pressure. For the predictive
model of fine particulate matter (PM2.5) levels, four models were employed: LR (Linear Regression), SVR
(Support Vector Regression), XG Boost, and MLP (Multi-Layer Perceptron). The models were configured with
default parameters from scikit-learn, and their performances were subsequently compared. The experimental
results revealed that the LR - Linear Regression model exhibited the best outcomes in terms of accuracy and
reduced errors. The optimal results included R2: 0.9722, MAE: 1.6832, RMSE: 2.4492, and MAPE (%): 9.0302. This
model incorporated variables related to PM2.5 concentrations from the previous 1 6 12 and 24 hours, along
with meteorological data. Additionally, it utilized variables related to the average PM2.5 concentrations in the

past 24, 48, and 72 hours, as well as seasonal information (Season).

Keywords : Machine learning model, Forecasting particulate matter (PM2.5), Linear Regression, Support Vector
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trunAudulng csv

Country: Thailand

%

% Region: Thailand Year Month Day UTC Hour PM2.5

% Population: MNaN 2019 1 1 0 26.5
% Max Latitude: 28.4632

% Max Longitude: 1865.6394 2019 1 1 1 25.3
% Min Latitude: 5.61 2019 1 1 2 24.5
% Min Longitude: 97.3456

% Year, Month, Day, UTC Hour, PM2.5, 2019 1 1 3 23.5
2019 1 1 2] 21.40 2019 1 1 4 23.9
2019 1 1 1 19.99 2019 1 1 5 21
2019 1 1 2 18.46

2019 1 1 3 18.95 2019 1 1 6 18.7
2019 1 1 a 20.15 2019 1 1 7 19.6
2019 1 1 5 17.71

2019 1 1 6 16.30 2019 1 1 8 18.8
2019 1 1 7 14.15 2019 1 1 9 16.4
2019 1 1 8 13.13

2019 1 1 9 12.39 2019 1 1 10 16
2019 1 1 10 11.21 2019 1 1 11 14.7
2019 1 1 11 10.42

2019 1 1 12 12.16 2019 1 1 12 15.7
2019 1 1 13 15.17 2019 1 1 13 17.1
2019 1 1 14 18.96

2019 1 1 15 24.77 2019 1 1 14 18.5
2019 1 1 16 25.59 2019 1 1 15 19.7
2019 1 1 17 28.09

2019 1 1 18 28.72 2019 1 1 16 24.5
2019 1 1 19 30.18

019 1 1 et 20 56 2019 1 1 17 30.3
2019 1 1 21 26.35 2019 1 1 18 31.7
2015 1 . 22 24.41 2019 1 1 19 33.8

amusEnau 1 Teyaruavessuunaian (PM2.5)91013uled Berkeley Earth
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2. Yoyaninanfouingt W1u3Fn1s Web Scraping lneldan3usddsdoyavinuinivles Weather
Underground lag @a3udduain gla GitHub.com 011 Karlheinzniebuhr/the-weather-scraper [7] Tuenideifld
N1 Colab Python3 melu Usznoudae 5 1w il

1. config.py dmSunsieAn Start Date — End Date ﬁmumsammﬁ%ﬁﬁaga

2. stations.txt @113 Station ID Feaniililunisiistoya

3.requirements.txt d1%35U Install (use Python3)

a. utilrar A wsuiiiedeaiunisulashe, nMsATIEvideya, wasilaidusu 9 A esensle

sunsevTuusstusunsy meluusznouselid UnitConverter.py, Parser.py, Waz Utils.py fign

dnganldluansua

5. weather_scraper.py LTJuaﬂ%‘dfﬁué’ﬂﬁlﬁ’ﬂunﬁﬁﬁay‘aué’qmﬂf?]u’wiﬂulwsﬁé’mwﬁgwm

Suannsdnlnanavun Upload Au Colab tliasannlla utilrar Huwana rar adedldluswnsy "unrar’ Live

wanlldnindifiungana rar iegudeyanmeluuiiudeya dnnusenau2

lunrar x "wtil.rar"
UNRAR 5.61 beta 1 freeware Copyright (c) 1993-2018 Alexander Roshal

Extracting from util.rar

Creating util oK
Extracting wtil/Parser.py oK
Extracting util/UnitConverter.py OK
Extracting wtil/Utils.py oK
Extracting wtil/_ init_ .py oK
All OK

awusznau 2 WWsunsy "unrar dewanlnganlidnduvana rar

Nt vinsaean Tulwe config.py Mvuaszeviafivzisdeys Start Date — End Date 14

Awdsenau 3

from datetime import date

# Set Date format like: YYYY, MM, DD

# Note that FIND_FIRST_DATE uses START_DATE as default start date
START_DATE = date(2019, 1, 1)

END_DATE = date(2020, 12, 31)

# set to "metric” or "imperial™

UNIT_SYSTEM = "metric”

# UNIT_SYSTEM = "imperial”

# Automatically find first date where data is logged
FIND_FIRST_DATE = True

MwUsENBY 3 MnuAsrezlIATagAdayastart Date - End Date

fian (Karlheinzniebuhr, 2022)
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Ing gusuuvesnsiuaiui u e - Wou - Juil waz Asrnguuuuniientsinlu " metric’ 33 Metric

(unsn) Tdmhetadiivinanssuuwnsn Wussuuinlailuludwlugvedlan

91Nt vin1sAsAIRed Ind stations.txt Wulng text 115U 219 Station ID Feaanliildlunisiadoya Fan1sm

Station ID lauuiules Weather Underground

Elev46 ft, 13.75 °N, 100.53 °E

Bangkok, Thailand Weather Conditions
7't 83° PATUMWAN DEMONSTRATION SCHOOL STATION | CHANGE A

oi Rangsil@ Nearby Weather Stations Current Station
@ + a (@) Personal Weather Station
e @ (@) Morchid (IBANGKOK210) 829°
Pak Kr@ um () Bang Rak (IBANGKS4) 806° Patumwan Demonstration
School (IBANGKOK26)
Bang Yai (@) Huai Khwang (IBANGK150) 82°
Location: Bangkok, Thailand
aburl (@) Kiongsan Thonburi (IBANGKOK250) 84° .
@ Elevation: 46ft
Bang Krual @ (@) Watthana (IBANGK91) 86°
e Q (@) Yan Nawa (IBANGK173) 844°
@0 (@) Bangkok Noi (IBANGK117) 85.1°
@ @ () Mueang Nonthaburi (IMUEAN24) 86.2°
(@) Chatuchak (IBANGK174) 829°
Phra Pradaenc
Bang Kaeo (®) Bueng Kum (IBANGK78) 883°
2 Bans g (#) Bang Na (IBANGK105) 86

%) \ Samut Prakai
LaemFa Pha ‘@

amdsznau 4 vuiuled Weather Underground

Noobookbig Vibhavadee 60 Weather Station - IBANGK169

FORECAST FOR BANGKOK, TH

Station Summary

@ Online(updated 4 seconds ago)

CURRENT CONDITIONS MAP o

8 6 7 A Q\ | ¢
WIND & GUST S 2 +

° < Ae
. F WA 3.4 145 mph : @Rup |

- - J BANGIKHEN
Feels Like 88.6 ° y / / -
/ 87 e
(304
DEWPOINT PRECIP RATE PRESSURE 9 D)

653 °F 0.00 in/hr 29.78 in = | >
= {
& ) @ Kasetsart University f

amuUsznau 5 Station ID @137

Sirat. Expy

dienainludsanntinsiainiidon azusing Station ID NAUURININUITZNOU 5 IBANGK169 91niiu finaen

1nldadlnd stations.txt fanInUsEnau MININNSAIANINAIN 1 @filiild 1 Station ID %o 1 USS9iAm URLs
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https: //www.wunderground. con/dashboard/pus/ Station ID mauudulesWeather Underground
https://www.wunderground.com/dashboard/pws/IBANGK169

AMUTENBU 6 N15NTBA Station 1D

P A ' a v ° = & a ¢ o o ~ v v
LUBFNAIYNDENLIBUTOY 11N1T RUN weather_scraper.py “ZNL‘Uuﬁﬂiﬂ@maﬂﬂl‘mUﬂﬁﬂwayja‘-\ﬂﬂ‘M‘Ll’]
Dashboard vasaniingrainernianvinnisiaentineuntn aeluaasus dnnshasazassnedu fadl
[ 'Date’,'Time','Temperature’,'Dew_Point','Humidity','Wind','Speed','Gust','Pressure','Precip_Rate','Precip_A

ccum','UV!, 'Solar'] waannfsdeyalndiaiadu sxgniuiinfiudulid csv dunmdszneu 7

Date Time  Temperature_C Dew_Point_C Humidity %  Wind Speed_kmh  Gust_kmh  Pressure_hPa Precip_Rate_mm Precip_Accum_mm UV Solar_w/m2

1/1/2019  12:07 AM 45 17.61 70 West 6.11 3202 1013.21 NA NA NA 1
1/1/2019 12:17 AM 45 17.28 69 wsw 499 16.89 1013.21 NA NA NA 2
1/1/2019  12:26 AM 2439 1.2 69 sw 499 10.14 1013.21 NA NA NA 2
1/1/2019 12:41 AM 2439 17.72 n SW 1.24 36.69 1013.21 NA NA NA 2
1/1/2019 1253 AM 8.2 17.72 n North 7.88 1993 1013.21 NA NA NA 1
1/1/2019  1:04 AM u 17.78 i NE 11.91 47.95 1013.21 NA NA NA 2
1/1/2019  1:13AM 1389 17.89 7 NNW 10.14 4795 1012.87 NA NA NA 1
1/1/2019  1:29AM 2378 18.11 5 NE 10.14 38.94 1012.87 NA NA NA 2
1/1/2019  1:39AM pENY] 17 n NW 6.11 3315 1012.87 NA NA NA 1
1/1/2019  1:49AM 172 17 n W 4.99 18.02 1012.87 NA NA NA 2
1/1/2019  1:52AM 13N 17 n SW 6.11 b 1012.87 NA NA NA 2
1/1/2019  2:01AM 2361 17.61 7 WNW 11.91 32.02 1012.53 NA NA NA 2
1/1/2019  2:13AM pEN] 17.78 75 W 10.14 5.9 1012.53 NA NA NA 2
1/1/2019  2:27 AM 2339 17.72 75 Wsw 9.01 23.01 1012.53 NA NA NA 2
1/1/2019  2:37AM 2339 115 I Sw 11.91 315 1012.19 NA NA NA 2
1/1/2019  2:46 AM 3.8 16.89 n W 10.14 5.9 1012.19 NA NA NA 2
1/1/2019 2:56 AM pEW ) 17.28 i sW 9.01 2993 1012.19 NA NA NA 2
1/1/2019  3:08 AM 111 16.89 el WNW 10.14 3315 1012.53 NA NA NA 2
/12019 3:15AM bE] 17.28 75 sW 10.14 30.89 1012.19 NA NA NA 2
1/1/2019  3:25AM B 16.78 I} W 9.01 20.92 1012.53 NA NA NA 2
1/1/2019 3:35AM bE] 16.39 n North 10.14 36.04 1012.19 NA NA NA 2
1/1/2019  3:43AM 289 16.28 n wsw 6.11 23.01 1012.19 NA NA NA 2
1/1/2019 3:52AM 2289 16 70 WSW 9,01 30.89 1012.19 NA NA NA 2
1/1/2019  4:03 AM 289 16 70 Wsw 9.01 7.03 1012.53 NA NA NA 2
1/1/2019 4:14AM 278 16.39 n sW 0.01 2.9 1012.53 NA NA NA 2

mwusEnau 7 Jeyanimeniuninen lid Csv

'
a o o

auan1Aggdeuing M 9nanil IKRUNGTH3 Ui 98830198 60 wanand Jandansunnumiuas

e

azfigail 13.865° N apsdgadl 100.581° E luvaeudl 1 uns1AL 2562 - 31 SunAu 2562 Uaz¥as 1 UNIAL 2563 — 31

v
=

Suaew 2563 fimsifivaszezieUszann 15 Wi Galdwinduluediunisdmeavesannd aeluyadeyaifuusi

anunsadwnasion PM2.5 ldun gaumagll, 90tAne, Anudy, fievisay, Anudiay aunszlen waz AunAeINe &

7R 145,644 LaIma7 13 Aedud srureduiliukaziian wawAudulad csv
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nsdantsteya dsrausriinszidayailosdu

msdansiudayaduazeasvuiain (PM2.5) 91n13uled Berkeley Earth
1. nnsuvas UTC 1 Local Time +7 1flasanndeyadiu Raw Data filsunidu UTC ananagsinsanninanadeet 7
Flas wionkauasudedu Hour
2. msa¥e aeduilvsl Fedn “Season’ Wunedinivenisggniavesieyausiazun dengnialulszmealng munsy
anfeninelnei 9 Wannsoudseonléidu 3 g9 nsdufuuarAuaruesngna enaduulslvanunilaluusazd 3
Tufidlédouluded

2.1. gaeuszviufsuiiuAufuseungunay

2.2. gruszvhaeuliguisuiunounalny

2.3, gavumiseniiaeungadneuiiafounun1ius
3. 111n"3 One-Hot Encoding lumsdnnisfunudnualsifidif luaedind « Season”lagusazfudsazunuaives
yanavyiesalay 0 vie 1 eliuuudassSeuiuaziinszideyaldgnies nadnsiildazidunsdwid 3 aedund

o

fiadl Season_Rainy, Season_Summer, Season Winter fanmussnau 8

Season Season_Rainy Season_Summer Season_Winter

Winter (0] 0] 1
Winter 0 o 1
Winter (8] 0] 1
Winter (8] 0] 1
Winter (0] 0] 1
Rainy 1 o] 0]
Rainy 1 8] 0]
Rainy 1 o] 0]
Rainy 1 o] 0
Rainy 1 0 0

AMWUs2nau 8 N1 One-Hot Encoding Tumaduil “ Season”

4. %1115 Rolling Mean doya 24 48 72 43lua iileadereduiilug \Wuneduil Last2dhrs_mean, Lastd8hrs_mean,
Last72hrs_mean N3 Rolling \unsihdeyaludisiamiandssuiana wu vAnaie muasiu wissieidou
ERRIE

5. afmedudlval ndeyanedul “PM 2.5 Taenis shift (1),(6),(12),24) aua1du iveideudeyaunldludilus

v
=1

Founds 39141 0udn PM2.5 989 1,6,12,24 Falusdounds laaadusl defl PM2.5(h-1), PM2.5(h-6), PM2.5(h-12),
PM2.5(h-24)
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6. asmeaulva Mndeyanedunl “PM2.5” mewuriu laenis shift (-1), (-6), (-12), (-24) audau Liteiiautoyaun

v
v

T4 ludlusarantin 1,6,12,24 Falusnudsu Genoduvlnaddfildannnisvdunedut “PM 2.5” weil PM2.5(h+1),
PM2.5(h+6), PM2.5(h+12), PM2.5(h+24) LﬁaI%Lwaﬁa;ga Taret 71953403129 PM 2.5 114%@&7:1’3@%1315@6]%

7. damsdeyagymie laginisnsiaaeuen NaN vve Ardnsludeya laeld isnull).sum() uagdanisa1 NaN A1inalu

=

Joya lnens Fill Fadumedalunsianisteyafigaymelugadeys lnenmsfiuadeyanvamely Tundld 2 35 de

fillna (method="bfill) ua fillna (method="ffill)” F3n13 Fill wuy bfill 1¥un13 Fill Value Backward Wielduunadund
1o 9 vesyadeya axidunisnsendrgmedeariieglunandaly Alalde1ing feunduuniu uaz n3 Fill wuu fil
uns forward fill Welduumeduiile 9 vesyndeya szidunisnsengymeseeieglunaanounth Alsfldaing
WnAY ilesanaoduy Last2dhrs_mean, Lastd8hrs_mean, Last72hrs_mean, PM2.5(h-1), PM2.5(h-6), PM2.5(h-12),
PM2.5(h-24), PM2.5(h+24) fildadstu IuLLmLLiﬂsuaﬁauuaﬁ?u Duaring mnlduuu « fill Method ” fithuaaneumti

uld azliianansamdeyaunldld vinisasiadeyanviemeluasanuindidnuiu 47, 95,143, 1,6 ,12,24 ayaeiu

%
a v <)

S9hms bfill iiedamsiuAitamnantl daudu aedutl PM2.5(h+1), PM2.5(h+6), PM2.5(h+12), PM2.5(h+24) 7il&

'
o 1 a

as19udanislagldds « fill Method ” Wosannuadaainevesusasaeduiiliuainedsiodlduuy « ffill"fiotAiie

el

wolneunthuINsenAgymIY Aan1mUsEnay 9

Year a
Month =]
Day =]
Hour 1=}
PM2.5 a
Date a
DayMame =]
Date_Timel a
Season 2
Season_Rainy a
Season_Summer a
Season_kWinter =]
dayofweek <]
dayofyear <]
weskofyear =]
quarter a
Last24hrs_mean a7
Last4a8hrs_mean as
Last72hrs_mean 143
PM2.5(h-1) 1
PM2.5(h-6) &
PM2.5(h-12) 12
PM2.5(h-24) 24
PMZ . S{h+1) 1
PMZ . S({h+6) &
PM2.5(h+12) 12
PM2.5(h+24) 2=

AMwuszna 9 wansAriludeyaduarepsuunnan (PM2.5)

8. 9. duplicated() as3vaeutoyad linutoyad
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nsianmsiudeyaningaieninen :niuled Weather Underground

1. %13 read csv wag parse_dates=[['Date’, Timel] ilasandoyanuidupaduiiuen Date AU Time Yrm5auly Data
Frame Jumaduvlvy ety Index

2. Iamstoyagavng lngnsiaaeuel NaN visedi1dludoya wur NaN denin Useneu 10

Date_Time =]
Temperature_C e
Dew Point C 66
Humidity % e
Wind &
Speed_kmh 8581
Gust_kmh 8581
Pressure_hPa =]
Precip Rate_mm 135275
Precip_Accum_mm 112611
U 145644
Solar_w/m2 a

dtype: inted

awusEnau 10 wansaddludeyaniagnlesinen

#1n158An15A1 NaN Tnans Fill @1 NaN §ae “ fillna(method="ffill)” Fill Value Forward fina&ul Dew Point c,
Wind, Speed_kmh, wag Gust_kmh 1u3smsiduseaieglunasneunti uuaiilaildrinsnduadly Javane
dwsutoyatiuualiuadnly axdelndiAswesda

3. dmuen NaN viseA1I1sludoyanaduil Precip_Rate_mm Precip_Accum_mm uag UV d3uiuunnfiouiniu

° ]

FunkaIUnd 1iing Drop Aedutns Wesandeyaiivinmednuiuin dwadeussdnsnmusakuuiness

4. 1113 One-Hot Encoding Tun1sdnnisiuamdnwugilifididu Tuaeduil " Wind " 1l8sa1nn1sUssaianaves
o £ Yy A % & 1 1 A g v o 3 v v & . ” 1 Y

wuuiaes dedlddeyaiiluduaumindu ldawnsasruariidudmdnuslunsdnuld Ingluneduyd “wind” udazen

[ v

wsazunuAvemInAnYfefaay 0 vie 1 ielruuudasuisuiuazinszideyaldgnios

5. araeutioyat lunudeyad

6. 15 Resample Toya 1utisarsedilus H Aensagumanedsvierasiutisaiiaula esndeyadvly
aagaioniner MAvlsanmaani fszoznalumsifue Aldwiifu safsan PM2.5 Snsfvdndusedalus
ielWaemndesiu 3saq resample(H). mean() wasdeyaidusedilus

7. n379a0UA NaN vidoriidludioyadnas wur NaN feaiw yneednifiswnuindu 653 Aring

8. ¥11A13 Interpolate Sﬁaaﬂaﬁ'mmma WUV linear Interpolation ﬁamsa%‘mﬁﬂmja’mmﬁﬁagj Tnyondyag1stios 2 A
vosdayasewheamaniu Welildrmfmnasiionlifegludeyauaty tanl#lunisdnnisteyaiivemeludonts
aadeyalvaifidesnsadiaiilos wu mslflunsmuansmnuunnisesgamgiinunamiensaisdoyaiaiouly

Ny = ) ' -
ﬂim%au“aﬂ/lﬂwlﬂUNmﬂumQL’Ja”WlﬁuIﬁ]
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Temperature_C 653

Dew_Point_C 653
Humidity % 653
Speed_kmh 653
Gust_kmh 653
Pressure_hPa 653
Solar_w/m2 653
wWind_ENE 653
Wind_ESE 653
Wind_East 653
Wind_NE 653
Wind_NNE 653
Wind_NNW 653
Wind_NW 653
Wind_North 653
wWind_SE 653
wWind_SSE 653
Wind_SSW 653
wind Suw 653
wWind_South 653
Wind_WNW 653
Wind_WsW 653
Wind_West 653

dtype: int64

mMwdsznau 11 wudeyainvinme neuritnis Interpolate

nasndanisiudeya wisudeyanlinliegluguuuuiimuzan dmsunisiidignisasisuuuinass daunviinis
574 Data Frame 911 2 a1313dayafiu CSV #ild &9l Index vennssiiogluindtoyailviniu fe svezvinadeya 1

dalus 1neldi5n13 Merge Data Frame 14 key 1usi@ion @sfife aoaul 'Date Time' WUU 'inner’ v19un 38 Aodu

Yunauil 3 : d15uarlaTIzvideyallaiy

Bangkok PM2.5 (ug/m3) 2019/01 - 2020/09

100 1

80

60

40

201

0 T T T T

ot o A0 o o
O N 16\9 1010 101()

o8
2 28> b

i
Date Time

amUsznau 12 Usinaduazessuwadn PM2.5 Tudl2019-2020
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yhmsnnziUiinuvesiuazass PM2.5 Tutas 2 U Budausiudl uneu 2019 - gatau 2020 asiuléd
Turaeiu® WWou uns1Au 989 2019 way 2020 TAuazeesiiiiugaiu uazAvsqanadlutianas uae iugetudnas:
lorihguaneUauiaiud

nsd1remdNsiugs seninsteyarduazessuuiaidn PM2.5 fu audnunirdu Usznausie Season Rainy,
Season_Summer, Season_Winter, Last24hrs_mean, Lastd8hrs_mean, Last72hrs_mean, PM2.5(h-1), PM2.5(h-6),
PM2.5(h-12), PM2.5(h-24), Temperature_C (gtunil), Dew_Point_C (i}ﬂﬁﬂﬁw), Humidity % (mm%lu), Wind (#ifin19
au), Speed_kmh (A2131328%), Gust_kmh (aunsglan), Pressure_hPa (A211NABINA) LAz AANI9aNA99 wail
Wind_ENE, Wind_ESE, Wind_East, Wind_NE, Wind_NNE, Wind NNW, Wind NW, Wind_North, Wind_SE, Wind_SSE,
Wind_SSW, Wind SW, Wind_South, Wind WNW, Wind WSW, Wind West West Faflemuduiuslunisuinuas

ey AInnUsEneU 13-14

Correlation Between Features And PM2.5
PV e 1
PM2 5 [h-1) 0.98

PM2.5 (h-6) 0.82

PM2_5 (h-24) 0.81

Last24hrs_mean 0.77
PMZ2.5 (h-12) 0.74
Last48hrs_mean 0.67

Season_Winter 0.62

Last72hrs_mean 0.62

Pressure_hPa 0.32
wind_Ssw I (.15
Gust_kmh I (.15

Wind_WSW I 0.052
Wind_West B 0.063
Speed_kmh B 0.055
wind_ENE M 0.017
wind_ESE M 0.014
wind_NE B 0.0081
Wind_NNW 1 0.0073
Wind_WNW 1 0.005

MwUsENaU 13 wansanuduiusseninayadayady PM2.5 AU Aadnuazuluniauin

Sesduruduiusnisuangail
PM2.5(h-1) > PM2.5(h-6) > PM2.5(h-24) > Last2dhrs_mean > PM2.5(h-12) > Lastd8hrs_mean > Last72hrs_mean
Wiy Season Winter > Pressure_hPa (A211nA8101#) > Gust_kmh (aunsglan) wirduiu fiemisau Wind_SSW
> figvsan Wind WSW > fiimnsan Wind West > Speed_kmh (A2a152a%) > fidvnsan Wind_ENE > fidnnsau

Wind_ESE > yifimneas Wind_NE > 9i@n19as Wind NNW > #i@n19as Wind WNW
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Correlation Between Features And PM2.5
-0..51 | Season_Rainy
-0.28 I Dew_Point_C
-0.18 I Humidity_%
-0.1] I Wind_North
0.079 M Wind_SW
-0.062 M Season_Summer
-0.046 EEEEEEN Wind_SSE
-0.027 W Wind_SE
-0.026 B Temperature_C
-0.02 B Wind_South
-0.005 I Wind_NW
-0.0028 | Wind_NNE

-0.0021 | Wind_East

-0.6 0.5 0.4 -0.3 -0.2 0.1 0

mMwusEnau 14 uansaudiusseninayadeyalu PM2.5 fiu Aadnuardulunisay

[

SesaRuANEUTUSINIaUAIT
Season_Rainy > Dew_Point_C (311A19) > Humidity % (A314%1) > fimn13ay Wind_North >#enisad Wind_SW >
Season_Summer > #i@nN1981 Wind_ SSE > #iAin19ay Wind _SE > #iAn19ay Wind_South >> #ifimnaay Wind NW >

An1ead Wind NNE > fidni9ay Wind_East

QPUABUN 4 : NFASIUUINGD

Tuns3deil 1814 wuusrans fanun 4 wou Aldsuanudsuuazeousuludagdu 1Hud LR (Linear
Regression), SVR (Support Vector Regression), XGBoost (eXtreme Gradient Boosting) wa g MLP( Multi-Layer
Perceptron) Mntuduaiuuuaedumsiueaduazessmuindn PM2.5 Tauaiu 4 wuges Tneusazuuuiiu
ATOUARNNTSYINUNEAT PM2.5 %58l Target PM2.5 Yostlusiishaiy Tudaanan +1 4alus, +6 $alug, +12 $alug, uaz
+24 Flusdramhuddiu Fausazuuudiasdld ¥iins Scaling Toya Tu 2 JUuUUAD Standard Scaling uay Min-Max
Scaling tieliiteyaoglusunuuiimngandmiunisainagiinaounvudnass uazddlimaasadonldnudnuuyi
S’Jii‘ﬁﬂ?]"naéEJE!uaZE]ENGUU”IﬂLgﬂ PM2.5 Tu 24,36,72 F2luadounds LLashj"LéfimmLaﬁaﬁuasaaamuﬂmLﬁﬂ PM2.5

(%

founas LilonaaeuauyAguitieItes uenainllfelanaasuienldnudnuaetayanania (Season) kazwuulisiu

3

doyaggnia enaaesuAuasavedLuuTaedunisvineal PM2.5 luisesdayaanmuindeuiiuisunlan

U

gana naanslaazslunsifeniasiniauewuudnaesningadmsunisvihuedn PM2.5 luuSuniisng q

meludoyadzgnuuseaniu 2 ga ldun Train Dataset Aeyailddmiuliuuuirasaious lnsaslidoya
viaiuaiiintulud 2019 Fadlvianun 8,634 f79819 wasBnyn Test Dataset Lugatoyadmsunageulszansninues
wuuiaes lngaylddeyaviavuaiiindulul) 2020 Failvianun 6,441 fiegn dndiuves Test Dataset Tunitifouszam

42.71% Tunudded lanaassastawuudtassiasmu tnald Anns1dmesisudu a1 scikit-learn @9l (scikit-learn)
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Y o -
JUADUN 5 : N15UTULNUNS

o o

kT

a

AUsEAYS N NUBIUUUTIARY

nsuseiiiuna (Evaluation) YaauudNas Lﬁu%umauﬁﬁwé’aﬂumsmmaaummLLaJuETWSUENLLUUﬁJ‘Haaa JEREE
Titeyafiliiagld lunsliuuudiasadoud eginuuiiaesaninsaviunesalswiudunndesifiodda nsuszidu
Uszansamvesuuuitasinsiiouiveaaiosdmiviuneaianuduvesiuazessuuindn PM2.5 lunuudians
Regression #35n15Usiliunanane 4 35 [8]

1. R-squared (R2)
Arseduarnlndifssseniamanisvhuieiuteyasss wie n1stsdssduanugniosusiugt Accuracy Sundefioun
wiedla annsnesutedoyaldudlvuy Tnodn R2 avegludis 0-1 Teeerflndides 1 munefauuudiaesimngldd

2. Mean Absolute Error (MAE)
Mean Absolute Error (MAE): MAE AeAniadsvesaanunaiaiadeuludinisiineiudeyasss ynsenislugadoya
viadey 38 Test Set H3A1 MAE onuansin aainindoutios flusiughge

3. Root Mean Squared Error (RMSE)
11 MSE Wmsniiaes wdnnisie 1 MSE wnaensinfiaes Square root Taeandils azidumbheiientusuan y S
RMSE Yfos uansin aaaadeution fusiuggs

4. Mean Absolute Percentage Error (MAPE)

MAPE Tdlunuiidesnisinusz@nsnmuesmsiung dwenfinuaaimndeuluguuuuiosas wie Wesidus
NAN5IUALAUTIENANTIY

luwsiaznmeaesaziinisasiauuinaeddy 4 JUku ieihnsAnwidSeuiisudssansamnisiungves

LUUINaDY

v '
A e

M19199 1 Aausnwalziugunlilunsaswuudnaes

NUIANY AMANYME
Gﬁ’a;ga@uazaawumﬁﬂ (PM2.5) PM2.5, PM2.5(h-1), PM2.5(h-6), PM2.5(h-12), PM2.5(h-24)
Jayagriuuinguazanine1ne Temperature C, Dew_Point_C, Humidity %, Speed_kmh,

Gust_kmh, Pressure_hPa, Wind_ North, Wind NNE, Wind NE,
Wind_ENE, Wind_East, Wind_ESE, Wind_SE,

Wind_ SSE, Wind_South, Wind_SSW, Wind_SW, Wind_WSW,
Wind_West, Wind_ WNW, Wind_NW, Wind_NNW
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Taofinsiiufuussueiadeduazessuuiaidn PM2.5 founds wasfuusduggnia (Season) lutoyaiiudn

Input Data fieldlun1sasrsuvudians

1. Without Mean_PM and Season
nsadnuuiiaedasldnudnumsiiug liifugadnvuranadeluazoosmuiaidn PM2.5 Sounds uag luiidiu
AANwzYaLAgANIa (Season)

2.Mean_PM Without Season
msa%ﬁqLLUUﬁwaaﬂmaﬂmﬁu@mé’ﬂwmzmLQ?&PMZ.S Founds 24.48 72 Flusdounds

3.0nly Season
msafauuuiaedasmsiiiugudnunzvesioyaggma (Season)

4.Mean_PM and Season

nsaduuuaadaemaiuauanvuzAafePM2.5 daunas uazdoyaggnia(Season)

A1919 2 AadnwausidNldlunsassuuinaes

o a a  a v ° @ & He v
AndnwuzAnnllun1sadne NUIUAMENYUUATLY

€

YoAUANBALINULAY

LUV Tun1sadrquuuanaas

Without Mean_PM and Season AMANYUENUTUY 27 AMNYMY

wuudnaedlagldnadnuaeiiugu

Mean_PM Without Season
wuudnaealaenIsiiiuAMaNYMEA1LRY

PM2.5 gaumad

Last2dhrs_mean
Lastd8hrs_mean

Last72hrs_mean

Only Season
wuudasslagnsiiunuanyuzYeItaya

g9n1a (Season)

Season_Rainy
Season_Summer

Season_Winter

30 AMNYMY

Mean_PM and Season
wuudnaealaenIsiiuAMaNYMEA1LRY

PM2.5 ffaunas uazdeyaggnia(Season)

Last2dhrs_mean
Lastd8hrs_mean
Last72hrs_mean
Season_Rainy

Season_Summer

Season_Winter

33 AMANYMY
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maiSsuiiisunansituneauazessuuiain PM2.5 sasvtiivaanaidnge
waSeuiflsunsiunessiuAuazessyuiadn PM2.5 1unan 1,6 Halusaamih auddu
1 wan1sviunessauAduazessuuaEn PM2.5 Wuan 1 dalusdrawth
PNHadNSUTEAVSANIEMUUSIaes 1 Talusarwth aviuldiiuuusiass Linear Regression (LR+1) Tng
mMaiiundnuazYesdeyaggnia (Only Season) liUszansnmiidniaslunsvineduazessuunadn PM2.5 Tagdl
R2 Score gufigaLazA1 MAE MSE RMSE uaz MAPE nflan #1861 R2 Score 0.9722, MAE: 1.6832, RMSE: 2.4492,

¢ A

MAPE (9%): 9.0302 wuusass LR+1 Tinadansasiign sesaaundu MLP+1, XBG+1 waz SVR+1 aua1du daunalainld

Y

Mean_PM Without Season ag Without Mean_PM and Season Tun1svitunguesnnuuuinass lanadnsiosian
wandbiiunslétoyaganaduesdusznauiidrdglunsviweaduazeessvuedn PM2.5 lutadeyail wuudiaesd
Tddayagania iWwmnieades Sussdvinmiidnitlunisiue dmsawawuuiiassaduazossvuindn PM2.5 Tu 1

F9E1UN

M1579 3 wan1sineszauAduazessundn PM2.5 Tu 1 Hlusaremth

HUUTNADY m%’aga A3UsEINU Without Mean_PM Only Season Mean_PM and
Mean_PM Without Season
and Season Season

LR+1 Training R2 0.9583 0.9585 0.9585 0.9586
Training MAE 1.9209 1.9139 1.9179 1.9150

Training RMSE 2.8337 2.8268 2.8278 2.8256

Training MAPE (%) 8.2574 8.2262 8.2442 8.2372

Test R2 0.9722 0.972 0.9722 0.9721

Test MAE 1.6835 1.6929 1.6832 1.6891

Test RMSE 2.4523 2.4616 2.4492 2.4557

Test MAPE (%) 9.0376 9.0408 9.0302 9.051

SVR+1 Training R2 0.9422 0.9417 0.9410 0.9398
Training MAE 2.2633 2.2672 2.3251 2.3425

Training RMSE 3.3371 3.3507 3.3728 3.4074

Training MAPE (%) 9.5282 9.5284 9.8089 9.8627

Test R2 0.931 0.9316 0.941 0.9384

Test MAE 2.5526 2.5338 2.4346 24744

Test RMSE 3.8621 3.8454 3.5850 3.6489

Test MAPE (%) 14.2835 13.9404 13.3705 13.493
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M1519 3 ()

HUUTIADY %gm%’aga AsUTsIEy Without Mean_PM Only Season Mean_PM and
Mean_PM Without Season
and Season Season

MLP+1 Training R2 0.9591 0.9593 0.9599 0.9590
Training MAE 1.9164 1.9060 1.8897 1.9182

Training RMSE 2.8084 2.8010 2.7816 2.8124

Training MAPE (%) 8.1553 8.1519 8.0995 8.2630

Test R2 0.9708 0.9711 0.9717 0.9713

Test MAE 1.7437 1.7345 1.7110 1.7384

Test RMSE 2.5101 2.4984 2.4709 2.491

Test MAPE (%) 9.1794 9.1034 9.0232 9.2409

XGB+1 Training R2 0.9904 0.9891 0.9900 0.9896
Training MAE 1.0021 1.0676 1.0214 1.0539

Training RMSE 1.3578 1.4496 1.3876 1.4158

Training MAPE (%) 4.7157 4.9731 4.8139 4.9478

Test R2 0.9607 0.9577 0.9608 0.9571

Test MAE 2.0122 2.0781 2.0218 2.0865

Test RMSE 2913 3.0221 2.9105 3.0451
Test MAPE (%) 10.7124 11.4137 10.8274 11.2541

2 wansinungszaumduazaasuain PM2.5 Wwaa 6 Falusdaeutin

' %

PMNHadNSUsTANS A NaUUTIaes 6 Faluaranmiin aziulainuuusiaealinear Regression (LR+6) 1ag

'
a a =

msiunudnvazresdayagania (Only Season) WiszdnSnndinfianlunsinneduazesswuiadn PM2.5 Taedien

R2 Score gaflgnuazA MAE MSE RMSE uag MAPE snfign saed1 R2 Score 0.7735, MAE: 4.9834, RMSE: 6.9925,

q

s al

MAPE (%): 26.0489 wuudnaeensiiuauanuizvasdayanania (Only Season) lunisviune lonadnwsnavian e

JuAu wuuTaedldnall wuudiaet LR+6 linadnsasiign seaamndu MLP+6, SVR+6 wag XGB+6 Auadsiu
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M99 4 wan1siuneszauaduazeasundn PM2.5 Tu 6 Flusaremth

HUUTI8D9 qm%’aga ATUTEIIU Without Mean_PM Only Season Mean_PM

Mean_PM Without Season and Season
and Season

LR+6 Training R2 0.6848 0.6957 0.6922 0.6983

Training MAE 5.5284 5.3850 5.4550 5.3667

Training RMSE 7.7955 7.6593 7.7034 7.6272

Training MAPE (%) 23.2778 22.4870 22.8702 22.4579

Test R2 0.7655 0.7664 0.7735 0.7702

Test MAE 5.0893 5.0061 4.9834 4.9592

Test RMSE 7.1146 7.1015 6.9925 7.0270

Test MAPE (%) 26.8894 25.6720 26.0489 25.2962

SVR+6 Training R2 0.6889 0.6998 0.6973 0.7035

Training MAE 5.3598 5.2281 5.2617 5.1769

Training RMSE 7.7449 7.6079 7.6389 7.5604

Training MAPE (%) 21.5709 21.0216 21.2401 20.8481

Test R2 0.7301 0.7312 0.7451 0.7423

Test MAE 5.2463 5.2170 5.1296 5.1187

Test RMSE 7.6330 7.6180 7.4175 7.4587

Test MAPE (%) 26.8390 26.3808 26.4585 25.9228

MLP+6 Training R2 0.7109 0.7202 0.7225 0.7321

Training MAE 5.3224 5.1970 5.1893 5.0988

Training RMSE 7.4652 7.3447 7.3137 7.1870

Training MAPE (%) 22.0569 21.3085 21.4707 21.3095

Test R2 0.7501 0.7435 0.7594 0.7526

Test MAE 5.1294 5.1847 4.9916 5.0364

Test RMSE 7.3452 7.4416 7.2074 7.3080

Test MAPE (%) 24.7874 24.4267 24.2252 24.2278
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1519 4 (7 a)

HUUTI8D9 qm%’aga ATUTEIIU Without Mean_PM Only Season Mean_PM
Mean_PM Without Season and Season
and Season

XGB+6 Training R2 0.9574 0.9696 0.9593 09714
Training MAE 2.1432 1.8217 2.0968 1.7509

Training RMSE 2.8670 5.8575 2.8003 2.3469

Training MAPE (%) 10.0522 8.6662 9.9132 8.2816

Test R2 0.6827 0.6992 0.6964 0.7029

Test MAE 5.9327 5.5039 5.6648 5.5025

Test RMSE 8.2759 8.0583 8.0953 8.0085

Test MAPE (%) 31.6585 27.5374 29.3036 27.8301

NALUS s ULBUUTEANSNINVBIUUTIaD9 THavun Tu 2 3291981 TawA +1, +6 TAlU9a1NUY WU WUUTIaD4

salaa

LR- Linear Regression Hadwnsiiafian sisluuivasnugndesusugt uazauaaiaiadouiisnianas sosasundu
WUUY1899 MLP Multi-Layer Perceptron , SVR- Support Vector Regression wag huUUd18849 XGBoost MINa16U
WUUIIRRWNLUY HASWSITARAI T IIRA TN

Mnmsadauuuiians 4 n3d nefimaiufuusiudnadoduazeesuuadn PM2.5 Sounda wagdauus
sugga (Season) lutegating Input Data ileldlunisarauuudiass wuiuudiass Only Season fisinsiiia

saaa

ANYzYastayananIa (Season) lnadnsnanan Miluwdvesniugniossiug uazauAaIAAGaUNnIana 310

[ [

Tunna¥3a9a1 wagan 4 wuudtaediiunudnunyestaya n1514 Only Season War Mean PM and Season

wuudtaeniiggniatdinuieites azeglunguitlinadnsgendt wuy Mean_PM Without Season wag Without

a

Mean_PM and Season #lilalddeyagniiesiven ggniadiuniieides

d3UNaN1339e

v

TurmAdeiidunsfinunlasihdeyanirgniouineifintuluennldusumeianisFoudvennios Lite
afuuviaondosiulagld dmmiwesizuiu 9 sckitleam Alddmiulunisiueianuduresuazons
uaLan (PM2.5) aanth aguleen nalseuifisudssd@nsamvesuuudias e wuuuudIaes LR- Linear
Regression HadndinTian fiilunivesniugniesutugt uazanueaandoudisnanas sesaanfu wuusiaos MLP
Multi-Layer Perceptron , SVR- Support Vector Regression ag wuusaas XGBoost anudndu Hadedvinliuuudiaes

LR- Linear Regression lanaans#ffian dldvareUade wwu Linear Relationship fminudumiusidaduseninadiulseiu
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wagdudsnu mnlugadeya aruduiusvesdeyadiulng Sdnvueidu Linear dwalvisiiuuudiass LR- Linear

d ] °

Regression @unsaiseusuasyiunenaliuiugiign diunuudiass MLP- Multi-Layer Perceptron 101 wuudnaes

q

'
o

Neural Network lass9reigadusyain Mlvanunsaseuideyandudeuuinduld vinlivivunenasenuilaseied

Usg@n5n d1uluUd1a99 SVR- Support Vector Regression Lag WuUUT1a8e XGBoost tilasantuidedlaasig

o=

wuudraeulesiuiild Amisdwesisudu a1n  scikit-learn lailafern Gauvudnaesis@asiy a1uisaivunal
M33wes lavanranesuuuy Wimsngauiudeya wue1 Kernel Functions welidldmmvun envilinisiseusensay

0% °

Lildmunzanfuteyaid dwaliuuudrassFeuiuasiunelfedisliesiiuszania niniiaag uuudiasswnuuy
HASWSIL PRI IINATININTY karaInMsaiauuUsiaes 4 nadl Taedinaifiususdueiedsduazessuinidn
PM2.5 Hounds wazfuussnuggnia (Season) ludeyaiiiidn Input Data tteldlunisasauuudiass wuiuuudiaes
Only Season fifin1sifinAudnuuzvasdoyaggnia (Season) Iinadnsddiian Vivluiivesanugniosusiugt wax
auAAALAAsuTisanas :nluyngtaaian uazan 4 nsdifiiunadnvarvestoya nsiiuaudnuuzuuld Only
Season Waz Mean PM and Season datfunuudiassifiggniaidimnieidos sglunguitlinadndganin wuy

Mean_PM Without Season ag Without Mean_PM and Season #ldlddayagnieninen ganiadiuiieitesly

Y 9

o

vl deldlatinisusuamsdwaes ToA1suAuan sckit-learn anaiinasaraansn15vitwie lwauanrninisusu

3u Model (Model Tuning) Aummsnilnaiivingauiign 0199eviiilanavesnmsuseiiuwuudtaomiguls

ARRNSSUUSZAA

1%
o O] < !

n13dninddeatuiidnsaganiulamerainnisatvayu nmslianuiewie Awugi aasnaukuImdlunig

q

& v

Y1939 ve3 wA.as.un1 wild fidue1a1sdfivinw Aldinganliniug deuusihuasndnduunlaenaen naenau

YBUUAN AMITENNINUlUNIATYINeINITToYa ANEINEIAENT uIneNdeasuASUNTIlal LasUndin Inendy

UINY1RYASUASUNTILTA TN1TUEUBNAINUITY
1'% a
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