L)

Check for
updates

J. Korean Soc. Environ. Eng., 46(10), 537-550, 2024
https://doi.org/10.4491/KSEE.2024.46.10.537 KSEE
ISSN 1225-5025, e-ISSN 2383-7810 s

Research Paper

Evaluation of Machine Learning Application on the Prediction of
Particulate Matter Concentrations in Small/Medium-Sized City

Yeji Lee®'?.Iseul Na®'?. Younggyu Son®'?t

'Department of Environmental Engineering, Kumoh National Institute of Technology, Republic of Korea
’Department of Energy Engineering Convergence, Kumoh National Institute of Technology, Republic of Korea

(Received August 5, 2024; Revised August 28, 2024; Accepted October 2, 2024)

Objectives : In this study, Machine Learning (ML) algorithms were evaluated to predict the concentration of
particulate matter (PM,;o and PM,s) using air quality and meteorological data in small/medium-sized city.

Methods : ML models, including Multiple Linear Regression (MLR), Decision Tree Regression (DTR), Random Forest
(RF), Extreme Gradient Boosting (XGB), Light Gradient Boosting Machine (LGB), were used to predict PM;, and
PM, 5 concentrations. Five air quality variables, including NO,, SO,, CO, PM,y and PM,s, and seven meteorological
variables, including temperature, humidity, vapor pressure, wind speed, precipitation, local atmospheric pressure, and
sea-level atmosphere pressure, were collected from three air quality monitoring stations and one meteorological observatory
from 2017 to 2022. A total of 52,583 sets of data were used for ML. The prediction accuracies of the applied ML
models were evaluated using the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Coefficient
of determination (R?).

Results and Discussion : Higher ML performance was obtained when using the data including PM;y and PMys
compared to the data excluding these variables. Among five different ML models, the XGB model showed the highest
accuracy in predicting PM;o and PM,s one hour in the future. However, poorer performance was obtained as the
predicted period increased from one hour to 72 hours.

Conclusion : The application of ML algorithms for the short-term prediction of PMjq and PM,s was successful in
this study. However, more input variables and deep learning algorithms are needed for long-term prediction of PM;q
and PMz_s.
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Fig. 2. Locations of the meteorological observatory and air quality monitoring stations in City A.
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Fig. 3. Time Series Cross Validation using 5-year datasets for
station A-1 (K = 6).

3 717kl gt dlojelE B AASHtE A3t A2
ke _,Zg WE A-1: 43,8297, A-2: 42,9687, A-3: 46,1427}
dlolEAlE o] g5kt

7187 9 714 dlolEe] gl AA UL zfo]7t gl
o, o]t xfo|7t WAl mdo] shgo] JgFS WA
5 o7] wo Azt Hgol Fasich 3 H wlolE
FEHZ 270 2jolE 25| I5te] BE FE2| Hlo|E
of dhall atgkol 0olw, EEHAIL 10] H7 k= A3t

29 shgol 4859

E

(Standardization) & =33t & 0|5 I
£} 339

wAlEg mele] s 9 shedat Bo1E Sia) o o]
BE si% dlojelel HAE Hole 2 Raakt Ao| Bas
th & 6|Tte] AA Hlolg F 5] Ho]E(A-1: 36,451
M, A-2: 35,6757, A-3: 38,9167l ©]o]EJAl, 2017¢~2021)
g st HlolE 2 AHAATL, Al 11 ko] dlojel €]
AE f|o]E(A-1: 7,3787M, A-2: 7,2937), A-3: 7,2267) H| 9]
B4, 2022 Stk Eak, Theret 2] qolelg sy
A7 o] Uush g Selals) 98 Fig.37h 2o A
A'Y w2} 7Z(Time Series Cross Validation)2 A3}
(K = 6). oli= Hlolelie 7|2 KAR TR}, 738
tlo]EME thA] Bk HlolE(A dHlolE)et 5 HlolE
(]2 Blo]ENZ FRBte] (K-H W Baks 218 oju)
B}, wks skl S mEle) A5 o 2t skl o
A% Wk AR FARE oS IAL W
23. 28 Mg gl gdio| o= Ms TI}

UAHA] FEE 58] Hste] 719 valdde B8
o u A S A7E Edshe st Ho]cgq Al

3 Aol A A AREE= S7H] wAleY s 28519
E]_.22.28.30,32,39.40) v A 7Fehst duEEe ka9 Al
i mee] MLR, DTR¥} 2 A3 AHEEE Ed] 7]t
42 mElQl RF, XGB, LGBS & AF-olA Ag-algi.
MIR 2o 3 Wso] JFes 44 olsd 4= 9lof o
o] golsh} 4 PAZ HYstn vy e my
Ysplo] oLk DIR BYe v TS 2 Z2 s}yl

;;O
e JN
R

A o)aL AlZpE o2 ofsfstr] A|u, I et

o glojElof wizsto] A2 Wsto= A FFE

RF 598 whafgo] 25t 1ol 2ol st Qb Alsl ol
A5E Bo|XT ALk AT A|7ke] ol Wasie, W
E2] A4S Fol dl2a7] W] s4o] otk XGB
2Ue AT WA 2L A2glo] EAsHs HolE shol
P, vl Bge Pxo] mue Fdo] Wasku A
Zho] ol RS LGB R et 4t Algto] ulm
A A7) Basht, g mUE Fdol Bashy, g
7hsAjo] SIch® Ao opH7tA) chopat Hofol W e
o7 ALES 4= Q= HAlgY Hdlo] AA|ER] ¢ka1 9] o
W, 7] ol AL thakt vy BYe Bew A
A gsto] 1 ANE ulLshL, HE Aol Hee wYe
BISI Qlek B ATNAE V& ol AT FHS
aejsto] s7he] vAleld e AAstel 485t 1 Ans
NERREE-

g mdl2 geikit-learn (ver. 1.4.1, MLR, DTR, RF 3£3}),
XGBoost(ver. 2.0.3, XGB 3£3}), LightGBM(ver. 4.3.0, LGB
=) efoluelelE ol gakeict. wak, viAlely el Ajo]
z2 a3 248 98] Python(ver. 3.12.3)2 ARE-5}%ith

el ofsf ASH AR st AA| vjAHA|
o vas S stad WAl e A B7E st
et o1& FIsll Eq. 1 ~ 30 HERdH Bief o] ¥ A+t
A gho] AHGEITL Sl RMSE, MAE, K9] Al 714 4% 7}

AEE BEIAAL S 2t 4 Bk AFAA y A

Fopst
Lop

(0]

i

oy dEE ye AARY Bat nd A9 Solh
(L™t 3a1) RMSE«= AAIRE} oSt 2h0) @xko Al
Fat o] AlgS AR gholw, MAE= AAIg oS3t
ko] A exko] et ALY gholt:. RMSE= 2 24}
b B7F Ao H, MAEE & 23l 53 S8=
= A ®o|ct 4 Rz wdlo] A4 dlojelE Un}
SH=A1E e ARR2Y, s9 %S o83}
o AJ5& TRt SHolA F7stalal sheich. MAE

o!
dl

¢

(

oN
rc’f

I o=
£

$

ff

R

N
i
ol

1.

ol

_IlN' jg 2 ot
o
m_u
J_

RMSE: 00]] 7[7h&+2, R*E= 19f] 7[7he2 e of
/l o] L—_r/} 46)
i Vi _;i
MAE == M
n
)
3)

CHsketA Zsts|x| X463 M10S 20244 102 541



Yeji Lee et al.

Table 1. Descriptive statistics of the meteorological data.

Wind speed Precipitation Humidity Vapor pressure

(m/s) (mm) (%) (hPa)

Mean 13.9 1.0 1.3 1,010.7 1,016.6 67.0 12.9
Std 10.3 0.8 3.2 8.0 8.3 243 9.3
v 0.7 0.8 2.5 0.008 0.008 0.4 0.7
Min -14.5 0.0 0.0 965.4 970.8 2.0 0.2
25% 54 0.4 0.0 1,004.4 1,010.1 48.0 5.1
50% 14.7 0.9 0.2 1,010.9 1,016.8 68.0 10.0
75% 225 1.5 1.2 1,017.0 1,023.0 90.0 20.0
Max 37.7 7.2 57.2 1,032.8 1,039.3 99.0 41.9

* LAP: Local Atmospheric Pressure
** SAP: Sea-level Atmospheric Pressure
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Table 2. Descriptive statistics of the air quality data for 3 stations.

Station Air quality data Mean Std* CVx* Min 25% 50% 75% Max
SOz (ppm) 0.003 0.001 0.333 0.001 0.002 0.003 0.004 0.036

CO (ppm) 0.4 0.2 0.5 0 0.3 0.4 0.6 1.4
At NO; (ppm) 0.011 0.007 0.636 0.001 0.006 0.009 0.014 0.060
O3 (ppm) 0.032 0.019 0.609 0 0.016 0.030 0.043 0.132

PMio (ng/m?) 41 31 0.756 1 23 35 52 1133

PM, 5(ng/m?) 21 15 0.714 0 10 17 27 250
SO, (ppm) 0.003 0.001 0.333 0.001 0.002 0.003 0.004 0.016

CO (ppm) 04 0.2 0.5 0 0.3 0.4 0.5 2.3
. NO; (ppm) 0.017 0.011 0.647 0.001 0.009 0.014 0.024 0.076
O3 (ppm) 0.032 0.020 0.637 0.001 0.016 0.029 0.044 0.137

PMio (ng/m?) 42 32 0.762 1 23 34 52 1000

PM. 5(1g/m?) 20 14 0.700 1 10 16 26 140
SOz (ppm) 0.003 0.001 0.333 0.001 0.002 0.003 0.004 0.014

CO (ppm) 0.4 0.2 0.5 0 0.3 0.4 0.5 2.7
A3 NO; (ppm) 0.015 0.011 0.733 0.001 0.008 0.012 0.020 0.086
O3 (ppm) 0.032 0.020 0.625 0.001 0.016 0.031 0.044 0.127

PMio (ng/m?) 38 28 0.737 1 22 31 46 985

PM2.5 (ug/m?) 20 15 0.750 0 9 16 26 171

* std: standard deviation
*+ CV: Coefficient of variation (CV = std/mean)
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Fig. 4. Changes of hourly PMio and PM;s concentrations observed at 3 stations (Red line represents the national ambient air
quality standard for PMo and PM,s (PMio: 100 pg/m®, PMys: 35 ug/m?).
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Fig. 6. Evaluation of ML models’ performance using input data, including PM1o and PM,s, for predicting PM concentration one

hour later at each station: (a) PMio, (b) PMas.
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Fig. 7. Evaluation of ML models' performance using input data, excluding PMio and PM,;s, for predicting PM concentration

one hour later at each station: (a) PMio, (b) PMas.
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Table 3. Evaluation of ML models’performance for predicting PM concentrations at station A-1 using RMSE, MAE, and R’

metrics.

Model RF XGB LGB RF XGB LGB

RMSE 0.206 0.192 0.197 0.236 0.233 0.233

1 hour MAE 0.144 0.131 0.135 0.169 0.165 0.161
R? 0.879 0.895 0.890 0.905 0.908 0.908

RMSE 0.485 0.450 0.443 0.527 0.515 0.505

6 hours MAE 0.350 0.332 0.315 0.395 0.388 0.376
R? 0.330 0.423 0.440 0.531 0.552 0.569

RMSE 0.567 0.538 0.523 0.610 0.594 0.577

12 hours MAE 0.425 0.402 0.382 0.457 0.450 0.430
R? 0.085 0.174 0.219 0.372 0.405 0.438

RMSE 0.669 0.627 0.615 0.738 0.670 0.684

24 hours MAE 0.491 0.477 0.450 0.565 0.513 0.519
R? -0.271 -0.116 -0.077 0.084 0.246 0.213

RMSE 0.815 0.702 0.721 0.909 0.765 0.857

72 hours MAE 0.625 0.552 0.551 0.695 0.603 0.651
R? -0.875 -0.389 -0.468 -0.391 0.015 -0.236
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