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Abstract

Air quality, especially fine particulate matter (PM 2.5), has emerged as a critical
environmental and public health concern globally. This is particularly evident in
Northern Thailand, where PM 2.5 frequently exceeds safe levels, posing substantial
health risks during dry season. This study aims to develop predictive models for
PM 2.5 density in Northern Thailand using atmospheric parameters. Employing an
Autoregressive Distributed Lag (ARDL) model, we integrated six parameters: temper-
ature, humidity, precipitation, wind speed, air pressure, and PM 2.5 itself, to predict
PM 2.5 density in the next hour and to reflect the complex interplay of factors influ-
encing PM 2.5 levels. Additionally, by data visualization from the data, the findings
provide significant implications for public health, particularly for individuals with res-
piratory conditions, by identifying threatening months and general temporal windows
of elevated risk.
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uni (Introduction)
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andunus (Pearson correlation coefficient), wnsnganaunus (Correlation matrix), AN
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dunsurinunedeyasunsunaviianis Inswuudasalilugluuuiuansinaisfenis
YUY X, anAMUAIINAITEY X1, ..., X, , WIBAIRBUNINT LY p AT lngluuTIaed

4
=

AR(p) ansnsadieulviegluguaunislesiail
Xi=p+oiXig+ Xy o+ -+ X+ &y
el

X, A9 AUBY X U 43an ¢
1 AB AR (Constant term)
¢; AD ANENUTEENS (Coefficient) i X,

£, D ANUARIPLAADU 04 1IN ¢

uNtew 2.12 [9] Luud1aes ARDL (Autoregressive distributed lag model) Ao Wuudnaed
dmiuvihunedeyaeunsunaviianis lnewuuinaed ARDL(p, ¢i, g, .., gr) 81815008 U

aglugUaunislasiail

a
Yt—Oé‘f‘ZﬁzYt z+271jX1t it —I—Z’ijXk,t—j-l-ét

=0 =0
Tne?

Y : ADANYRY Y a0 t

o fe AAed (Constant term)
B+ AANUSEENS (Coefficient) vasAdaunadvasmnlsniy (Lagged value) Y,_;
Y+ ANYDUNSIaIAUIAIY
V- - PO ANENUIZANS (Coefficient) UYBIANEDUNAIUDILSIATAILUTAU
Xi gy Xpe; A0 AN90UNSIVDILARZFLUTAY

£, B AUAANALAROU O 138N ¢

UNtEU 2.13 [3] NTRTIVABUANNNLNZAUTDILUUT1809 (Diagnostic plots) A 1A384
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A5n1sAnw1 (Research methods)
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U

lpguuudnaed ARDL dmsuaupssilanunsalieulveglugUaunisiasiail
p q1 a2 q3 g4 q5

Y, = OH‘Z @'YLH'Z ”Yle,t—j‘i‘Z 5jX2,tfj+Z ¢jX3,tfj+Z UjX4,tfj+Z Aj X5 i—jter
i=1 =0 j=0 §=0 §=0 j=0

Taed

o fo AAed (Constant term)
Y, A9 A1989 PM 2.5 &4 1ian ¢
X1, fiD A1U99ANIEIAN Bl 1IN ¢
X, A0 ANVBIQUNNN Q4 L3a0 ¢
X3, D AvesnuUlueInA o Lan ¢
Xy, A9 AIAIUNABINTA 84 128N ¢

X5, A9 AesUsIaeY o e ¢
8; Aw ANENUSEENS (coefficient) ¥e3a Y,_;

a [

~; AD ANENUIEANS (coefficient) B X,
J-

J

a 4

A9 ANFUUIEANS (coefficient) U9 Xy,

a 4

¢; Av AENUTEANS (coefficient) V89 X,

a [

o; Ao ANdUUTEEANS (coefficient) V09 Xu,_;
bW

; P9 ANduUsEENS (coefficient) V89 Xs,_;

€t AD ANAINARIALAZDU Bl L1381 ¢

Faziuldidmsunisyiiunes PM 2.5 a1 nan t SeuuUsans ARDL Tuazfiosonde
AN PM 2.5 4 0380 £ — 1,6 — 2,...,1 — i WALDIFEAIUBIFILUSYINIANNEINABY 9 o
NNt t—1,¢t—2, .. t— %ﬂﬁ)’]ﬁ]%hjLMMW%&MﬁWM%Uﬂ’]iﬁ’]IﬂUiSQﬂ@ﬂﬂuﬂﬁﬁ’mwﬁ’lﬂu
PM 2.5 lupunan seulunuisswduasusiuuuiasadndesie iz funish
W luanunsalass Tnesnasldaassshudseng q lusfinrome delddmsurhued
du PM 2.5 Tuewian Tneaglduuudians ARDL fiusuidsudntdesdsil

p q1 q2 g3 q4 g5
Y, = OZ+Z @'YQ—H-Z %’Xu—ﬂ-z 5jX2,t—j+Z ijXs,t—j—l-Z UjX4,t—j+Z Aj X5 jter
=1 j=1 j=1 j=1 j=1 Jj=1
(3.1)
A19819N158319uUUINR89 ARDL
e liiiun N Baduls sz vimsen e tunauidegaziden lunsadauuy
asdmsuviueady PM 2.5 Tu 1 Silustianiiiazdmsuiesgrisiiudsnieann
PINAFN 9 NAINAFDAUNUILULYDIY PM 2.5 selusunsy R studio lneisnazen
megralaglitayaveusangien Gelunauisisil
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Pareto chart with missing values
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JUT 3.5: JUKARINITIATIEY Missing values UBfIkUINIENINeINAGIN 9

Tudumeuusnin nvetayaananinsainanineineludmiangen ndsanla
RHE mayammiﬂwa:uamamwmmmeﬂ,ﬂ (Missing values) Tuunsdaudsanin
91NF “Uﬂﬁ]’lﬂﬂ’]i’;Lﬂi’]”MWliﬁﬂVl 3.5 WU TuusagiulsmeanmennAnisaen

143 6 shuds Senfimelulaiu 5% dafunaunsaliaulatoyauisaiiommely
wiaule (Shafer, 1999)

VW]?{@‘Uﬂ??ﬂﬁﬂ%@ﬂ%@%ﬁ%ﬂﬁﬂ’]wEJ’]ﬂ’]ﬂG]I'N 9

\Wesmndayamulsnsanimeiniaiisiazhunldluswuuinassdeddnuue i
(Stationary) PnUNTed 2.9 51azlananisnageuaNulveaarALUTAg
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Faaunsalidoyaounsu a1 veeduUsnIanIn 91MATa 6 SauUsH e a%1auuY
Fandle
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aa ) & A . = .

Nsluszau Level w397 1% difference (I(1)) 1999111591 optimal lag U9
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FILUINIENINDINTA | S2AUYBY Unit root | ADF t- statistic | p-value |  result
Ry PM 2.5 1(0) -7.00 0.01 | stationary
ANLSIAY 1(0) -14.38 0.01 | stationary

QRIVE 1(0) -6.17 0.01 | stationary
auduluene 1(0) -6.82 0.01 | stationary
ANUNADINFA 1(0) -6.10 0.01 | stationary
Usinasinlu 1(0) -7.00 0.01 | stationary

A3197 3.1: AsWAdaU Unit Root fiszsu level (1(0))$28735 Augmented Dickey-Fuller
Test (ADF)

UsgAvB S ousugnunndign s 3ddileritululusunsy Rstudio Mi%e1 auto.ardl)
Lﬁam optimat lag vedudarduUslunuuaesiviliuuusastesunefulsniy
fls1feansvize FAANUMLILLILYERY PM 2.5 lmmnam 1AENARNSVDINITATUUY
$raesarldRanInd 3.6 wazld Diagnostic plots fannd 3.7

Time series regression with "ts" data:
Start = 3, End = 13409

Call:
dynlm: :dynlm(formula = full_formula, data = data, start = start,
end = end)

Residuals:
Min 1Q Median 3Q Max
-78.263 -3.410 -0.182 3.073 147.779

Coefficients:
Estimate Std. Error t value Pr(>1tl)
(Intercept) 93.172243 24.021389 3.879 0.000106 ***
L(PM2.5, 1) ©0.972905 0.008570 113.528 < 2e-16 ***
L(PM2.5, 2) -0.028462 ©0.008518 -3.342 0.000835 ***
-0.875864 0.128417 -6.820 9.46e-12 ***
-0.172625 0.020559 -8.397 < 2e-16 ***
-0.022573 0.017829 -1.266 0.205507
0.179384 0.030530 5.876 4.31e-09 ***
-0.225336 0.017479 -12.892 < 2e-16 ***
-0.112084 0.032695 -3.428 0.000610 ***
-0.174989 0.066908 -2.615 0.008924 **

Signif. codes: @ ‘***’ 90.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  ’ 1

Residual standard error: 7.796 on 13397 degrees of freedom
Multiple R-squared: 0.9325, Adjusted R-squared: 0.9324
F-statistic: 2.056e+04 on 9 and 13397 DF, p-value: < 2.2e-16

JUM 3.6: sUuananadnsaInnIsaswuudaedinugaiiu PM 2.5 lngodesiaudsnig
ANINDINIARN 9|

a1

NN 3.6 azleuudaseiliian R? g1 0.9325 FedadndlaAgenn aeisnagi

Y

wuuIaealluneaauiu test data LeMIINWUUINADILHUSEANTANLNNLRELNE S
la 91naunsn 3.1 waslaaunisvesnisiunegendu PM 2.5 Tudn 1 Flustmi
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INFUN 3.6 Ad

Y, = 93.17 + 0.97(Y_1) — 0.03(Y;_s) — 0.88(X1,_1)
— 0.17(Xn—1) — 0.02(X3,_1) + 0.18(X3,_5)
— 0.23(X3—3) — 0.11(X4y_1) — 0.17(X5,_1)

Tne?

Y, A9 A1909 PM 2.5 4 1981 ¢
X1, Ao A1U8IANEIAN B 1A ¢
X, A0 ANVBIRUNNN B4 1380 ¢
X, fo Awosmutuluernie a nan ¢
Xy, A9 AIAIUNADINTA B 1A ¢

X5, A9 A9IUTIIUIRY &l a0 ¢

Normal Q-Q

zzzzz

2
g
-3

200 -50 0 50 100 150

Theoretical Quantiles
dynim:dynim(full_formula)

Residuals vs Leverage

Leverage
dynim:dynim(full_formula) dynim:dynim(full_formula)

5UN 3.7: sUuanadiagnostic plots Ya4huUdNaes

a P PV ° g ] < a Y]
nunilenud 2.13 ladwuudnassiuaeutiadulumuauuigiu Inesaginiiiuy
FanstulIwetevseluanm s lunaaauiusa test data MTANNLLUEIVSD L
ANV

ausunsasuuudassluussdu q awnsavilalagerdedBneriuduilananiu
21951 Inenan1snadeulszdnsninuazamnuliug1vesiuuinasslagodefinlsn1eana
rmse Azuansluuni 4 sely
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Nan1sAne (Result)

NuAuaN daseluiite wuudiaesdmsuaInNMsalANNNUIKILYBINY PM 2.5 USa0
mamilevesUszmelng lagldfudsmsanimeinia szudsnanisfinwesndu 2 wade
o8 1Y ILUUININANATUIIUVDITaLATBIFILUTNIANNDINA 9 Inedzuundy
wuuaesdniuiiuiifiddeyameanwenmansudiunnduusiduiusingien usuns
L83 uariEIULgesERY way wuuapsdmuufdoyauEuUsTIAmElY fiud
wianilguAusadedml udsdu uasusadiosss osniuiardfuianiingatn
annenmeluituilty 9 VndoyavesfuusaunaeIna (Air pressure) Blaildnng
Sufindoyaly induiuuassdmiuiuiiidoyausudsameluoondudn 2 ned
gouliun wuudaedlunsdliilithmudsmiunneimmnfinsanluuuudiass uaznsdl
floyudeyasulsarmnnoimannaniiiiegluiiuiiifetuilnddian Faagldnams
Anwdall

4.1 WUUIRBIFMIURIIUIEAIUAUILUUVBGEU PM 2.5 VBB INELEN
WBILWS WBUIU LasLBeuligasdau

s msauuuSaesuduneuiidisy 34 awldmaeaduussandluuuiaes
dmsuannsalANuIkINYeIEU PM 2.5 UsnunamilovesUseimalnglunsangien
(Zone 2) uBguNs (Zone 4) uBaUU (Zone 5) Lagusausigasdau (Zone 7) voausagiiuys
MNAUNTT 3.1 Fan5a7 4.1 wag 4.2
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v&aandilduuudaesdmiuamanisainrumuiituvesu PM 2.5 Ushanamioves
Usewrlneluiiuitsananuds 5 ldasedalaunsy (Histogram) YOIAALABIALATOY
mamwmaaqs[,mmayww lAgLNU X LaAIDaAIALARIALATOU Lagknu Y Landfee
ArudvassAIARIAAABULarA1 TNt nihuuusaesluvhweiugadoyaiiuuy
Sandlslinenutee (Test data set) uasndonseuinai PM 2.5 fsifudlis (Actual
values) fiu Arfiuuudaesinngld (Predicted value) iflasandeyavenniidnudeya
firioutnalges (Dense data) lW13ndentisuretmaenielriuisruuansisese
Wsildnniezesinvesaniinsiainanimerniasig q AuAArmILLLYBIRY PM 2.5
fuvusraowhugliselud

USLANSAINVDILUUINADI LUKBINSLEN

Actual vs Predicted PM2.5 Values in Phayao (First 100 Data Points)

L

= Actual Values

PM2.5
w

=== Predicted Values

Feb 01 Feb 02 Feb 03 Feb 04 Feb 05
Date

SUN 4.1: N9 sEnINeA19T A ATLUUTIaewNUIEAIYed PM 2.5 sendneiuil 1 nua1wus 2566
9 5 nUAUS 2566

Histogram of model_PY_train$residuals

1200
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Frequency
| |

|

0 200 400 600 800

f T T T 1
-50 0 50 100 150

model_PY_train$residuals

E‘Uﬁ 4.2: ﬂ3'1‘1/\|LLﬁG’I\‘]SﬁIG]LLﬂill“U@ﬂﬂ'J’]ﬂJﬂa']ﬂLﬂﬁ@u“UO\‘]LLUUﬁ]WaE’N
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USLRNSAINVBILUUINADI LULB WS

Actual vs Predicted PM2.5 Values in Phrae (First 100 Data Points)

= Actual Values

= Predicted Values

20

Feb 01 Feb 02 Feb 03 Feb 04 Feb 05
Date

JUN 4.3: n9sEndeAaTauazATLUUTIaewnuIgAIued PM 2.5 sendneiuil 1 quna1us 2566
fl9 5 nuAUS 2566

Histogram of model_Phrae_train$residuals
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model_Phrae_train$residuals

] a d‘ o
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USLRNSAINUBILUUINADI LUMB LU

Actual vs Predicted PM2.5 Values in Nan (First 100 Data Points)

40

= Actual Values

PM2.5

= Predicted Values
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Date

JUN 4.5: n91sEndeA1aTauazATLUUTIaewuIgAIued PM 2.5 sendneiuil 1 quaius 2566
fl9 5 nuAUS 2566

Histogram of model nan_train$residuals
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USLRNSAINUBILUUINADI LULB L TaIE0U

Actual vs Predicted PM2.5 Values in Mae Hong Son (First 100 Data Points)
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= Actual Values

a = Predicted Values
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JUN 4.7: n9lsEndeAaTauazATuUTIaesinugaIues PM 2.5 sendneiuil 1 qunius 2566
fl9 5 nuAUS 2566

Histogram of model_MHS _trainS$residuals
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4.2 WUUNRREMTUNINIUIEAINRUILILYIEU PM 2.5 vaeudaiiealvy
warau waea1U1e LazusadeesIe

dmsunsndeslniuazainy (Zone 1) Wasd 1N (Zone 3) Uagudaliesse (Zone 6) 9z
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Actual vs Predicted PM2.5 Values in Chiang Mai (First 100 Data Points)
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Histogram of model_cnx_train$residuals
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SUT 4.10: n3INLEAITALALATUVDIANUAIALARBUTDILUUTIABS
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Actual vs Predicted PM2.5 Values in Lampang (First 100 Data Points)

60

= Actual Values

PM2.5

= Predicted Values

20

Feb 01 Feb 02 Feb 03 Feb 04 Feb 05
Date

JUT 4.11: n9I5ENINeAna3auagAMLUUINaewIUgAIved PM 2.5 5enineduil 1 nuaius
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Histogram of model_Imp_trainS$residuals
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USLRNSAINVBILUUINADI LUKD 89518

Actual vs Predicted PM2.5 Values in Chiang Rai (First 100 Data Points)
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JUT 4.13: n915endneenRseua AL UUIaasinuIeA1ved PM 2.5 sendneiuil 1 qua1ius
2566 4 5 NUAUS 2566

Histogram of model_cr_train$residuals
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4.2.2  wuudraeslunsainlynisayunudwlsnursaanidlununuulala
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Actual vs Predicted PM2.5 Values in Chiang Mai (First 100 Data Points)
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Histogram of model_cnx_train$residuals
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USLRANSAINUBILUUIIAD9 LURBIaIUNg

Actual vs Predicted PM2.5 Values in Lampang (First 100 Data Points)

60
= Actual Values
= Predicted Values
40
20

Feb 08 Feb 09 Feb 10 Feb 11 Feb 12
Date

PM2.5

JUT 4.17: n9nsendneenvsuaALuudaasinuea1ves PM 2.5 senineiuil 8 nua1ius
2566 613 12 NUAUS 2566

Histogram of model_Imp_train$residuals
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USLRNSAINVBILUUINADI LUKD 89518

Actual vs Predicted PM2.5 Values in Chiang Rai (First 100 Data Points)

= Actual Values

= Predicted Values
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Date

E‘Uﬁ 4.19: ﬂi']‘l/\]ib’ﬂ/i’ﬂ\‘lﬂ’]ﬁ]ﬁﬂLL@Z@WWLLUU“\]W@@Q‘W?H’]EJV’Y]GU’EN PM 2.5 3u‘1/1’3'1\1’3u‘1/l 8 ﬂllﬂ']‘IN‘US
2566 99 12 f]iJﬂ’]‘W‘L!ﬁ 2566

Histogram of model_cr_train$residuals

Frequency
1000 2000 3000 4000

0

[ T T T 1
-100 0 100 200 300

model_cr_train$residuals

SUT 4.20: N5 MLARBALALNTUYBIAIUAGIALATDUTYBIUUUTIADS

4.3  AMULIUGIVIILUUINADY

pFsnniisldnuusiaosdmsuriuneedu PM 2.5 Tuudasiiuiiug 5ldiauszansnmn
wazAUKIUg1vBILUUTIARIIEAT RMSE Tunsiazdiavasnisviungedu PM 2.5 lngan
LAy 1981989391 NNTUALANLATIWTITEYANITULTVRLE PM 2.5 Beemuseiuaiiy
JuussNdasluiin Fahasiolld 037 g/m? , 37—50 pug/m? , 50—90 pug/m? Lagunn
90 pg/m® Imam%mqumaawmlmmmiaumammm‘umam Autoregressive (AR)
dielidiuUszavsnmuashlinatanudely fnnsd 4.7
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fud Model | 0 — 37 pug/m? | 37 — 50 jug/m® | 50 — 90 pg/m? | > 90 ug/m?
~ \ 0 AR 26.35 5.27 22.44 79.72
Weslrlnazainu
v ARDL 4.60 6.16 8.59 14.47
WELE AR 21.22 5.27 25.45 101.06
v ARDL 4.59 6.01 8.90 21.21
o AR 23.49 q4.12 24.79 79.17
AU
ARDL 4.12 6.22 8.59 15.24
- AR 19.38 4.56 28.43 89.71
ARDL 4.60 7.03 10.90 23.07
iy AR 27.23 4.64 26.02 164.78
ARDL 4.56 5.83 8.40 34.51
~ AR 30.20 11.24 14.75 213.99
\Tegse
ARDL 4.87 6.55 7.88 18.94
o AR 30.81 10.16 19.09 157.55
LFDIADU
ARDL 4.69 6.08 9.12 34.52

AN 4.7: A15WEASAT rmse YaIUUINad ARDL AULUUINa9 AR Tulsazd19uasan
PM 2.5

NA151N 4.7 WinletnIssavsnmanuudug1ingin RMSE 14U wuudnaes ARDL
Mmshanyszendltlunuidddndeyaves PM 2.5 uazdayamiklsniaanineiniadu q

tuiianuuiuglunsviugendy PM 2.5 Tudnuiladaluadnantl 1nnduuudngss AR ¥
Toieuadaga PM 2.5 Tunn 9 fiunluusnunamilensnhunieseiluauil



unil 5
ayunan1sAne (Conclusion)

51  asuwan1sfnen

lunsdnrhausuaidasgluinTe wuudnaeddnsuAIANITAANUNLILULYBINY PM 2.5
Usnunawmileveslsemnalve laglddmudsneanimeina annsnwInannisvinay
yosuvudasafiagldlunsvined PM 2.5 Tudhlusdaly sawdenisinszsinanssnuyes
FAUUTNNIANMDINATIAINARB AT LULYBIRY PM 2.5 ainAnduyUszAnsuaadaus
yanIne e 4 Tukuusians wui eenETuLLTeNt PM 2.5 Sounda suilie
ddryfunsiunean PM 2.5 vauuudiass uazdsmansenusoan PM 2.5 Tudn 1 $3lu
frevthanndtan duvinathauduwmuarbifivadonisyiues PM 2.5 vesuuusians
uazdawansenusiasn PM 2.5 Tudn 1 Flusdrantiidesiign

TngannsaainamefiedugiaransenumauinyEenaauresfuUsmsaninernie
fn9 9 NdawasiorABmUILuYery PM 2.5 Mdssasnnteaifiodla dsinsied 5.3 way
5.4 Tnpudasziuamussiuiodfysuandlunsed 5.1 uay 5.2 Sessdutsddyiuie
A pvalue 9MNNTEEUUUSIERIAET

o

* WU seauledAgy 0.05
o WU ERUtBdNARY 0.01
% % WNU TEAUTYEIALY 0.001
M1599 5.1: AINANTENUNINLALIAUY M1599 5.2: AINANTENUNIRTITI
= lafidodnAny = lufiTudAey
= | * | sgeudedfyseau 0.05 = | * | sgeudedryseau 0.05
= | ** | sgaudedifyseau 0.01 = | ** | sgeudedfyseau 0.01
! = | ** | sgautydfyszeu 0.001 ! = | ** | szautadfgszeu 0.001
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5.2 anUs1gNan1sAnen

nsAuAdasyluiite wuUINaRIEIMTUAINNITAIAUNLILLLYDIRY PM 2.5 USHanTa
wilevasuseinealng lagldduusnsanimeinia ilaussgndlduuudnaes Autoregres-
sive Distributed Lag (ARDL) titeldvinnemumunutuvesdu PM 2.5 Tudnuiladalusdna
MUALINANTENUYBIF U TNNIENWEINARBATIIMUILUYDIU PM 2.5 Bai51thuuy
SraeafildunUSeufisuiunuusiass Autoresressive (AR) WislilfiuUssavEnMa8 LUy
FrooslddniuBatuy Faamnmssuiiisuanuusiudifen RMSE wudinsuszandld
LUUS1a09 ARDL fiUszAvBnmuazauusiugniuuusaes AR Tunn 9 Aufilunmawmie
fsnantiesreiluauluadd Tneqgasuresuuudians ARDL fsnanussandlddy
ADLI AN TRYARUNTUNIAIVBIFIKUTNINANININIANN TATIEN TN TUToyaayn Ty
NANYDIANIIMILLINTRSH PM 2.5 Feagsiliisdilafenanse nuvessuusneanm
pmAfidmasonuvILLey PM 2.5 tdnsouaguanndu Tumandusuuuusiaes
AR o1fELfigadoyasynsuavesry PM 2.5 ilgsiudsifsrdaesiuiadoaninennia
fng q fioravrdmarierusuLLYey PM 2.5 Tnsuuusiaasnanluasaianusati
ludszgndlifunsdansannmeimasaztiluiieulsyanvunludloaduinunliuias
dutuiussduauaondefinsuniunuuaiuldimualildogeiuie

53  UDLAUDLUY

4 1
A aad v 14 =

lunuudasaiteviwgAmy PM 2.5 1i5dnnsdeyanuiameliunsgisiensinteya

]
=

lutilusiiueen lladnsaaaziudeyaimeliusegalaiosnniivsinadeyaivinme

ludesndn 5% wideyanuialuenasiinnudidgvisederaiudwuuinasls siuluiens
ATUUUIABUNYINUEAIEY PM 2.5 978UUUT18090Y 9 uaziUTeuiguauuaiug

funuudnaesil lnglddayainedny
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nuewmn dmsuwuudnaedluiiuingy 9 agld code wWieniusnaiuwana import Toya 39
yoazlilugiunile

TWsunsudmsunisaiswuudnassdmiuaanisaladnununiuvady
PM 2.5 Ustauniawmdavasusewmdlng lagldaudsnisaninainid Tu

—

N

¥ 1
=

WUNN 1

library(vars)
library (ARDL)

: library(tseries)

N

library(stats)

s library (ggpubr)

 library (readxl)

7 library(1lmtest)

library (dynlm)

o library (ggplot2)

11

12

13

22

o library(dlookr)

library(visdat)
library (plotly)
library (missRanger)

library(tidyverse)

s library(naniar)
s library(mice)

7 library (imputeTS)

# import data

o # Area 1 (CNX)
2 data_35 <- read_excel("~/Desktop/206499/data_update2023/(35t)

.xlsx")

data_36 <- read_excel("~/Desktop/206499/data_update2023/(36t)

(1) .x1lsx")
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24

25

26

27

28

30

31

32

33

34

35

36

37

38

39

40

41

42

43

aq

45

46

ar

48

49

50

51

52

53

54
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data_ 68 <- read_excel("~/Desktop/206499/data_update2023/(68t)

.xlsx")

# clean data

# delete first row of each dataframe
data 35 <- data 35[-1,]

data_36 <- data_36[-1,]

data_68 <- data_68[-1,]

# Modify the name of the first column for each dataframe
colnames (data_35) [1] <- "Date"
colnames (data_36) [1] <- "Date"
colnames (data 68) [1] <- "Date"

# Filter function to select rows based on month Jan-May
filter _months_string <- function(df) {
# Extract the month part of the date (assuming format is Y/M/
D)
month <- substr(df$Date, 3, 4)
# Filter rows where month is between "12" (December) and "O5"
(May)
return(df [month %in% c("12","01", "O2", "O3", "04", "05"), 1)

data_35 <- filter months string(data_35)
data 36 <- filter months string(data_36)
data 68 <- filter months string(data_ 68)

#implies data from full data column
#rain

data 36$RAIN <- data_ 68%Rain

#BP

data 35$BP <- data 68$Pressure
data_36%BP <- data_683Pressure
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56

57

58

69

70

71

72

73

74

75

76

7

78

80

81

82

83

84

85

86

87

88

89

90

# select only some column from each df

data_ 35 <- data_35[, c¢(13,10,11,12,15,14)]
data_36 <- data_36[, c(12,10,11,14,15,13)]
data_68 <- data_68[, c(10,12,13,15,14,16)]

#Change name

colnames (data_35) <- colnames(data_68)

; colnames (data_36) <- colnames(data_68)

s #Merge 2 df in verticle

data_cnx <- rbind(data_35,data_36)

data_cnx <- rbind(data_cnx,data 68)

colnames (data_cnx) [1] <- "wWS"
colnames (data_cnx) [2] <- "TEMP"
colnames (data_cnx) [3] <- "RH"
colnames (data_cnx) [4] <- "RAIN"
colnames (data_cnx) [5] <- "BP"

colnames (data_cnx) [6] <- "PM2.5"

#change all variables to numeric
data_cnx$WS <- as.numeric(data_cnx$WS)
data_cnx$TEMP <- as.numeric(data_ cnx$TEMP)
data_cnx$RH <- as.numeric(data_cnx$RH)
data cnx$RAIN <- as.numeric(data cnx$RAIN)
data_cnx$BP <- as.numeric(data_cnx$BP)

data_cnx$PM2.5 <- as.numeric(data_cnx$PM2.5)

#Handle Missing Values in Time Series For Beginners
n miss(data_ cnx)

data_cnx %>% is.na() %>% colSums ()

# Display the number of missing values in a dataset

plot_na_pareto(data_cnx, only_na = TRUE)
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118

data cnx <- na.omit(data_ cnx)

# Shift the time (we want to forecast pm2.5 by using all past

values)
data_cnx$PM2.5 <- c(data_cnx$PM2.5[-1],

data cnx <- na.omit(data_ cnx)

NA)

HHHAHHASH AR HHAHHASHASH AR S HASHASH USSR S H AR HASH AR H B RS H AR R AR HHH

o# 1. Check for stationary

adf .test (data_cnx$WS)
adf .test (data_ cnx$TEMP)
adf .test (data cnx$RH)
adf .test (data cnx$BP)
adf .test (data_cnx$RAIN)
adf .test (data_cnx$PM2.5)

# 2. Select optimal lag

varselect ws <- VARselect(data_cnx[, "WS"], lag.max = 5, type

"bOth")

o varselect _temp <- VARselect(data_cnx[,

type = "both")

varselect rh <- VARselect(data _cnx[, "RH"], lag.max

"bOth")

varselect _bp <- VARselect(data_cnx[, "BP"], lag.max

"both")
varselect rain <- VARselect(data cnx[,
type = "both")
varselect pm25 <- VARselect(data_cnx/[,
type = "both")

# See each lag of each variable (all 5
print (varselect ws$selection)
print (varselect_temp$selection)

print (varselect rh$selection)

"TEMP"], lag.max = 5,

5, type

5, type

"RAIN"], lag.max = 5,

"PM2.5"], lag.max = 5,

lags)
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print (varselect bp$selection)
print (varselect _rain$selection)

print (varselect pm25$%selection)

# Using train/test data
# Assuming you choose an 80/20 split

split_index <- round(nrow(data_cnx) * 0.8)

# Splitting the data
train_data <- data_cnx[1l:split_index, ]

test_data <- data_cnx[(split_index + 1):nrow(data_cnx), ]

start.time <- Sys.time()

model cnx train <- ardl(PM2.5 ~ WS + TEMP + RH + BP , data=
train_data, order = ¢(3,0,5,5,1))

summary (model cnx_train)

end.time <- Sys.time()

time.taken <- round(end.time - start.time,?2)

time.taken

plot (model cnx_train)
hist (model cnx train$residuals,breaks = 200)
mean (model cnx train$residuals)

summary (model cnx_ train$residuals)

s # Calculate the number of over-predictions

num_over predictions <- sum(model cnx_train$residuals > 0)

# Calculate the number of under-predictions

num_under predictions <- sum(model cnx_train$residuals < 0)

# Total number of predictions
total_predictions <- num_under_ predictions + num_over _

predictions
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15« # Proportion of over-predictions
55 prop_over predictions <- num over predictions / total

predictions

157 # Proportion of under-predictions
55 prop_under predictions <- num_under predictions / total_

predictions

o # Output the proportions

st print (paste("Proportion of Over-Predictions:", prop_over_

-

predictions))
2 print (paste ("Proportion of Under-Predictions:", prop_under _

predictions))

65 coefficients <- c(

s ~(Intercept)”™ = 21.257673,
w7 "L(PM2.5, 1) = 1.082133,
we "L(PM2.5, 2)° = -0.172711,
w “L(PM2.5, 3)° = 0.049316,
0 WSS = -2.293018,

i "TEMP™ = -0.317585,

72 "L(TEMP, 1)~ = -0.511763,

s TL(TEMP, 2)° = 0.041584,
e "L(TEMP, 3)° = 0.246477,
i7s "L(TEMP, 4)° = 0.223715,

e "L(TEMP, 5)° = 0.219272,
i "RH™ = -0.040326,

7 "L(RH, 1)~ = -0.088466,
7o "L(RH, 2)° = -0.011717,
i "L(RH, 3)° = 0.015163,
e "L(RH, 4)° = -0.008761,
= "L(RH, 5)° = 0.095013,

133 BPT = 0.084342,
w "L(BP, 1) = -0.102619
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# Ensure that the lagged variables are the same length as the
test _data
for (lag in 1:5) {
# Check if the variable has the lag according to the model
output
if (paste0O("L(PM2.5, ", lag, ")") %in’ names(coefficients)) {
test _datal[pasteO("PM2.5 lag", lag)] <- c(rep(NA, lag), head
(test_data$PM2.5, -lag))
}
if (paste0O("L(WS, ", lag, ")") %in% names(coefficients)) {
test datal[paste0("WS_lag", lag)] <- c(rep(NA, lag), head(
test_data$WsS, -lag))
}
if (pasteO("L(TEMP, ", lag, ")") %in’% names(coefficients)) {
test datal[pasteO("TEMP lag", lag)] <- c(rep(NA, lag), head(
test_data$TEMP, -lag))
}
if (pasteO("L(RH, ", lag, ")") %in% names(coefficients)) {
test datal[pasteO("RH lag", lag)] <- c(rep(NA, lag), head(
test_data$RH, -lag))
}
}
# Remove NA values that were introduced by shifting for lags

test_data <- na.omit(test_data)

# Use the actual coefficient names as strings within the “with~
function

predicted PM2.5 <- with(test data,

coefficients[" (Intercept)"] +

coefficients["L(PM2.5, 1)"] * lag(PM2.5, 1) +

coefficients["L(PM2.5, 2)"] * lag(PM2.5, 2) +

coefficients["L(PM2.5, 3)"] * lag(PM2.5, 3) +

coefficients["WS"] *x WS +

coefficients ["TEMP"] * TEMP +

coefficients["L(TEMP, 1)"] * lag(TEMP, 1) +
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coefficients ["L(TEMP, 2)"] * lag(TEMP, 2)
coefficients ["L(TEMP, 3)"] * lag(TEMP, 3)
coefficients ["L(TEMP, 4)"] * lag(TEMP, 4) +
coefficients["L(TEMP, 5)"] * lag(TEMP, 5)
coefficients ["RH"] * RH +
coefficients["L(RH, 1)"] * lag(RH, 1) +
coefficients["L(RH, 2)"] * lag(RH, 2) +
coefficients["L(RH, 3)"] * lag(RH, 3) +
coefficients ["L(RH, 4)"] * lag(RH, 4) +
coefficients["L(RH, 5)"] * lag(RH, 5) +
coefficients["BP"] * BP +
coefficients["L(BP, 1)"] * lag(BP, 1)

)

+

+

+

# Add the predicted values to your test_data dataframe
test _data$predicted PM2.5 <- predicted PM2.5

test _data <- na.omit(test data)

# Calculate performance metrics on the test data

mae_test <- mean(abs(test_data$predicted PM2.5[6:1length(test _
data$predicted PM2.5)] - test_data$PM2.5[6:1length(test_data$
predicted_PM2.5)]), na.rm = TRUE)

# Exclude the first five observations as they do not have
lagged values

actual values <- test data$PM2.5

predicted values <- test data$predicted PM2.5

# Calculate MAPE

mape_test <- mean(abs((actual values - predicted_values) /
actual values), na.rm = TRUE) * 100

rmse test <- sqrt(mean((predicted values - actual values)~2, na

.rm = TRUE))

print (paste("Test MAE:", mae_test))
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print (paste ("MAPE on the test data:", mape_test))
print (paste("Test RMSE:", rmse_test))

# Evaluate by range of PM 2.5

test_data$accuracy_range <- cut(test_data$predicted PM2.5,
c(-Inf, 37, 50, 90, Inf),

labels = c("0-37", "37-50", "50-90", "more than 90"),
include.lowest = TRUE)

breaks

# Create subsets for each accuracy range

range _0_37 <- subset(test_data, accuracy_range == "0-37")

range 37 _50 <- subset(test_data, accuracy_range == "37-50")

range_50_90 <- subset(test_data, accuracy_range == "50-90")

range_more_than 90 <- subset(test_data, accuracy_range == "more
than 90")

# Function to calculate MAE
calculate _mae <- function(predicted, actual) {

return(mean (abs(predicted - actual), na.rm = TRUE))

# Function to calculate MAPE
calculate mape <- function(predicted, actual) {

return(mean(abs ((actual - predicted) / actual) * 100, na.rm =

TRUE))

# Calculate MAE, MAPE, and RMSE for each range

mae 0 37 <- calculate mae(range O 37$predicted PM2.5, range O_
37$PM2.5)

mape 0 37 <- calculate mape(range O 37$predicted PM2.5, range O
_37$PM2.5)

rmse_0_37 <- sqrt(mean((range O0_37$predicted PM2.5 - range O0_37
$PM2 .5) "2, na.rm = TRUE))
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mae 37 50 <- calculate mae(range 37 50$predicted PM2.5, range
37 50$PM2.5)

mape 37 _50 <- calculate mape(range 37 50$predicted PM2.5, range
_37_50%PM2.5)

rmse_37_50 <- sqrt(mean((range 37 _50%$predicted PM2.5 - range 37
_50$PM2.5) "2, na.rm = TRUE))

mae 50 90 <- calculate mae(range 50 90$predicted PM2.5, range
50_90$PM2.5)

mape 50 _90 <- calculate mape(range 50 _90$predicted PM2.5, range
_50_90%PM2.5)

rmse_50_90 <- sqrt(mean((range 50 _90$predicted PM2.5 - range 50
_90$PM2.5) "2, na.rm = TRUE))

mae more than 90 <- calculate mae(range more than 90$predicted _
PM2.5, range more_ than 90$PM2.5)

mape more than 90 <- calculate mape(range more than 908
predicted PM2.5, range more_than 90$PM2.5)

rmse _more_than 90 <- sqrt(mean((range more_ than 90$predicted _

PM2.5 - range more_ than 90$PM2.5) "2, na.rm = TRUE))

# Print or use the MAE, MAPE, and RMSE values as needed

o print (paste ("MAE for 0-37 accurate range:", mae_0_37))
print (paste ("MAPE for 0-37 accurate range:", mape_0_37))
print (paste ("RMSE for 0-37 accurate range:", rmse_0_37))

s print (paste ("MAE for 37-50 accurate range:", mae_37_50))
print (paste ("MAPE for 37-50 accurate range:", mape_37_50))
print (paste ("RMSE for 37-50 accurate range:", rmse_37_50))
print (paste ("MAE for 50-90 accurate range:", mae_50_90))
print (paste ("MAPE for 50-90 accurate range:", mape_50_90))
print (paste ("RMSE for 50-90 accurate range:", rmse_50_90))
print (paste ("MAE for more than 90 accurate range:", mae_more_

than 90))
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print (paste ("MAPE for more than 90 accurate range:", mape_more_
than 90))

print (paste ("RMSE for more than 90 accurate range:", rmse_more_
than 90))

# ggplot2 scatter plot of predicted vs actual PM2.5 values
ggplot (test_data, aes(x = predicted PM2.5, y = PM2.5)) +

geom_point (color = "black") +

geom_abline(intercept = 0, slope = 1, color = "red", linetype =
"dashed") +

labs(x = "Predicted PM2.5", y = "Actual PM2.5", title = "

Predicted vs. Actual PM2.5") +

theme minimal ()

;3 #plot in same graph

# Add an index column to your test_data for plotting
test _data$Index <- 1l:nrow(test data)
ggplot (test _data, aes(x = Index)) +

geom_line(aes(y = PM2.5, color = "Actual Values"), linewidth =
1) +
geom_line(aes(y = predicted PM2.5, color = "Predicted Values'),

linewidth = 1,alpha=0.5) +

scale color manual(values = c("Actual Values" = "blue", "
Predicted Values" = "red")) +
labs(x = "Index", y = "PM2.5", title = "Actual vs Predicted PM2

.5 Values") +
theme minimal () +

theme (legend.title = element_blank())

Listing 5.1: R code for PM 2.5 forecasting model
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Abstract

Air quality, especially fine particulate matter (PM 2.5), has emerged as a critical environmental and
public health concern globally. This is particularly evident in Northern Thailand, where PM 2.5
frequently exceeds safe levels, posing substantial health risks during dry season. This study aims to
develop predictive models for PM 2.5 density in Northern Thailand using atmospheric parameters.
Employing an Autoregressive Distributed Lag (ARDL) model, we integrated six parameters:
temperature, humidity, precipitation, wind speed, air pressure, and PM 2.5 itself, to predict PM 2.5
density in the next hour and to reflect the complex interplay of factors influencing PM 2.5 levels.
Additionally, by data visualization from the data, the findings provide significant implications for
public health, particularly for individuals with respiratory conditions, by identifying threatening
months and general temporal windows of elevated risk.

(1. Introduction

In recent years, air quality especially particulate matter less than 2.5 micrometers in diameter (PM2.5)
has emerged as a critical environmental issue, significantly impacting human health, economic
conditions, and ecological balance. This issue is especially prevalent in the northern regions of
Thailand, where PM2.5 levels often exceed safe thresholds, posing significant health risks to the
population. This research focuses on developing a model by adapting the Autoregressive Distributed
Lag (ARDL) approach to predict the density of PM2.5 particles one hour ahead and to analyze various

weather-related variables that influence PM2.5 density in Northern Thailand.
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e We collect Atmospheric data
from 14 Weather stations.
By data analysis, we can
separate the area of study
into 7 areas consisting of

1. Chiang Mai and Lamphun
2. Phayao

3. Lampang

4.Phrae

5.Nan

6.Chiang Rai

/.Mae Hong Son

 We use atmospheric time - N,
series data from 1 Jan 2019 | il
to 30 June 2023.

e The data is collected from g1 ]
Ministry of Pollution Control, | .
Ministry of Natural ?
Resources and Environment. |-

e We focus the period of ?
study to be from December | .
to May from each vyear, R
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where PM 2.5 level is above
the safety level standard.

Figure 2: Heatmap representation of daily average PM2.5 density
across different months and years in each stations

<3. Methodology

We apply the adapted Autoregressive Distributed Lag (ARDL) model to forecast PM 2.5 density in the

next hour, and investigate the dynamic relationship between PM 2.5 density, and 5 environmental

factors, over time. The adapted ARDL model captures lagged effects, making it possible to assess the

influence of past values of both the dependent variable and the independent variables on current PM

2.5 levels.

p q1 g2 q3 44 45
Y, = CHZ fﬁi}@—ﬂLZ Vle,t—j+Z 5jX2,t—j+Z GﬁjXB,t—jﬂLZ JjX4,t—j+Z Aj X5t jTEt
i=1 j=1 j=1 j=1 j=1 j=1

where o is the constant term

Y, is the value of PM 2.5 at time ¢
X, is the value of wind speed at time ¢
Xy, is the value of air pressure at time ¢
X3¢ is the value of temperature at time ¢
Xy, is the value of precipitation at time ¢

X5, is the value of air humidity at time ¢

Bi

is the coefficient of Y;_;

is the coefficient of X ,_;

. is the coefficient of Xy,
- is the coefficient of X3, ;
- is the coefficient of Xy, ;

. is the coefficient of X5,

is the error term at time ¢

<4. Results

Actual vs Predicted PM2.5 Values in Mae Hong Son Actual vs Predicted PM2.5 Values in Phrae

RMSE for 0-37. 4.69

RMSE for 37-50: 6.08
RMSE for 50-90: 9.12
RMSE for >90: 34.52

RMSE for 0-37: 5.13

RMSE for 37-50: 6.69
RMSE for 50-90: 7.94
RMSE for >90: 34.61

PM2.5
oy
PM2.5

1000 2000 3000 4000 0 20010 4000 B000 2000

Actual vs Predicted PM2.5 Values in Phrae Actual vs Predicted PM2.5 Values in Lamphang

RMSE for 0-37: 4.6

RMSE for 37-50: 7.03
RMSE for 50-90: 10.9 » RMSH for 50-90: 8.57
RMSE for >90: 23.07 &K RMSH for >90: 15.31

RMSE for 0-37. 4.15
RMSHg for 37-50: 6.26

300

PM2.5
PM2.5

2000 L] GO0 0 3000

Actual vs Predicted PM2.5 Values in Nan Actual vs Predicted PM2.5 Values in Phayao
800

RMSE for 0-37: 4.58
RMSE for 37-50: 6.01
RMSE for 50-90: 8.9
RMSE for =90: 21.21

MSE for 0-37. 4.56
SE for 37-50: 5.83
SE for 50-90: 8.4
SE for =90: 34.51

PM2.5
PM2.5

2000 4000 e000 8000 (4 1000 2000

Actual vs Predicted PM2.5 Values in Chiang Mai and Lamphun

e The outcomes indicate that the forecasting
model performs effective in all seven areas,
demonstrating high accuracy for PM2.5
concentrations within the range of 0-90
hug/m3. However, for PM2.5 levels exceeding
90 pg/m3, the model exhibits a significant
margin of error in every area assessed
(Figure 4) .

RMSE for 0-37: 4.65

RMSE for 37-50: 6.16
RMSE for 50-90: 8.59
RM for >90: 14.47

PM2.5

Figure 4: Comparison of Actual vs. Predicted PM2.5
Values (Hg/m3) with Root Mean Square Error (RMSE)
in each range in each Area

Parameters PM2.5 (ug/m~3) Windspeed (m/s) Temperature (C)

e The table illustrates the

coefficients assigned to different == . T :
parameters within our PM2.5 | =

predictive model, segmented by e ————— = )
area and time lag. Positive CTEm— NS S S—— S—"———
coefficients (green) suggest a o

direct relationship, while = = o — '

Figure 5: Coefficient Values by Parameter and Time

negative values (red) indicate an
Lag for PM2.5 Prediction Model in each Area

inverse relationship with future
PM2.5 concentrations.

<5. Conclusions

In this project on the topic of "Prediction model of PM 2.5 density in Northern region of Thailand using atmospheric
parameters"” by studying the operational principles of the models used to predict PM 2.5 values in the next hour, including
the analysis of the impact of weather variables on PM 2.5 density, it was found that historical PM 2.5 values and wind
speed are the most influential factors, with past PM 2.5 levels having a positive impact and wind speed showing a clear
negative effect on future PM 2.5 density. These insights suggest that while PM 2.5 tends to accumulate based on previous
concentrations, increased wind speed can significantly disperse particulate matter. Temperature, air pressure, and
humidity present both positive and negative effects across various time lags, indicating that their impact on PM 2.5 levels
is not uniform and may depend on meteorological conditions. Meanwhile, rainfall has a relatively minor influence,
underscoring the complexity of predicting PM 2.5 fluctuations and the need for tailored approaches considering local
environmental dynamics.
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