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Machine Learning for Improving Grid—Level CMAQ Air Quality Predictions
in Busan Using Observations and CMAQ Predictions

Haeun Yun, Woogon Do’, Jeongok Park
Busan Metropolitan City Institute of Health and Environment, Busan 46616, Korea

Abstract

Monitoring data alone are not sufficient to understand the spatial distribution of air quality across Busan; this study develops
machine learning-based nonlinear regression models to improve local air quality predictions. Hourly CMAQ (Community
multiscale air quality model) predictions and observations of PMig and PM, s from 2021 to 2024 were analyzed. Grid cells
were grouped using cluster analysis, and a paired monitoring station was selected for each grid using correlation analysis.
Subsequently, CMAQ predictions and observations from paired monitoring stations were used as input data to train four
machine learning models: Random forest, Support vector machine, Gradient boosting, and XGBoost (Extreme gradient
boosting). Model performance was evaluated using the correlation coefficient, root mean square error (RMSE), and mean
absolute error (MAE). Consequently, XGBoost demonstrated superior performance with a relatively fast training speed. When
applied to PMjo and PM s for the first half of 2025, the XGBoost-based correction significantly improved prediction accuracy
in the mid-range concentration levels (10 pg/m~40 pg/m for PMyo and 5 pg/m~25 pg/m' for PM,s). In particular, PMio
accuracy improved by about 2.7 to 2.9 times in the 20 zg/m’~30 ug/mf range, and PM, s accuracy improved by about 1.7 to 2.4
times in the 10 zg/m*~20 pg/n’ range compared to the conventional CMAQ predictions. However, performance decreased at
low and high concentrations owing to the limited training data.
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O] T Tk REE FAIoHA otelst= dlofl= A
7} it o]k AAIE Hetstr] Qg i o 2 g3t
T REE Z-83F VT 7] o So] d] ARE-
=1 glem, 1% CMAQ (community multiscale
air quality model)Z 7174743} &= =& HIF S
=2 71 eA=4e] uiE, %, sFeiRtg 9 A|A 7
= Host= a4l 32 ti71d Bdo|tkByun
and Schere, 2006; United States Environmental
Protection Agency (U.S. EPA), 2025). CMAQ2 A
g 9 EA] o] 7| d Jot vlEd 9T A, A
23 A 5ol WA 285 o] FHBurns et al.,
2021).
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Fig. 1. Modeling domain for air quality diagnosis and evaluation system. Left part shows locations of domain1 to domain3, right
part shows geographical features of domain4 and locations of air quality monitoring stations.

Table 1. Grid configurations of modeling system

Model domain

Grids information

Domainl
Domain2
Horizontal grids
Domain3
Domain4
Vertical levels sigma levels

174 x 128 x 27 km
67 x 82 x 9km
83 x 83 x 3km
78 x 70 x 1 km

1.000, 0.995, 0.990, 0.985, 0.970, 0.950, 0.930, 0.910,
0.880, 0.840, 0.800, 0.740, 0.700, 0.600, 0.450, 0.000

TEEeH, 20179 Hx =Y Busan
Metropolitan City Institute of Health and
Environment, 2025). 288 J92 FotAlof 27
km A7t G THE 9 km A2 99, JEd 3
km A2 99, HFH &2 FAH] 1 km A2 99
02 4AA 9] nesting M0 2 FAAAKFig. 1,
Table 1).

AP 7HA AR 2] 7)1/l 8 At == National Centers
for Environmental Prediction (NCEP)2] global
forecast system (GFS) AT dlolHE 7|A4Rd
weather research forecast (WRF)oll & ste] 44
Skl QAT GFS= NCEPOlA 4okl Sl= A+ 7174
o B f2]Hdolm shof 48 A7 7HH 02 A E]
I 384A1%t0] dlEAEE ERSEAL  QITHINCAR
Research data archive, 2025). WRF 222 20059
FE A= NOAA AFsh 7131 NCEPS] @9 Rd2
AREEITL QT AlAIR 0 2 de] o] T At

g8E Qe 7 RHOIT(WRE Model users’
page, 2025). HiE%F A=E ABAsH] leiA ml=
EPA°lA] Al-85l= sparse matrix operator kernel
emissions (SMOKE) @& #8359t SMOKE+
u]=9] Environmental Modeling Center (EMC)°ll41
e Ao=w wddgo] HagkviEdS 18E8E A
AP 4= QT = i ETFE matrix TRA 2 AAJsk= ol
=% 2493 A|2"olt(Community Modeling and
Analysis System, 2025). SMOKE Z&o]| AM&-ch=
FotAlot A H o] HiEFARE A FHFHH AT 4
A e ofAlol2] o tj7] @ HEAES, Regional
Emission inventory in Asia (REAS) 20159 A=2&
o]-§-5t3Att. REAS &2 Ohara et al.(2007)°ll
o5l Hz=2 /EE 2™ SO, NOx, CO, NMVOC 5
Z 107 E4ol diste] ofAlolxd HAe| tistod
0.25% W= 2 iE=FS T7ska 2tk (Ohara et al.,
2007; Regional Emission inventory in Asia data
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Fig. 2. Spatial distribution of 1 km x 1 km grids in Busan (monitoring stations shown in red).

download site, 2025). =HHEF A== SHE
MM R BAE 9] th7| AR HA 2R (clean air
policy support system, CAPSS)ollA F7l=+= 2020
| viEdE, 1 km ZAAPE vlEFE ARSI A4
H 71 A wEF JHARELS HFH o R Fotst
A9l CMAQel f¥Eth. CMAQ2 m|= EPAZF
Ao FARE FolA 7P ®ol o]-8E= 32+ F3}
g eddet gi7|d o, 7] 5 2¥skE, 1
A, F4934 5 A9 712 B9 R 7] F
oA WAy st= FEket vhg 5 AR =9-31e §HS
&S x3total Ytk(Byun and Schere, 2006; U.S.
EPA, 2025).
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=5 ARl e, ARt Zx+= Fig. 200 AlAsHH.
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YEAEE FAAY EAW S 4 277400
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o7 A AL A S 1L AhmE Al 2leH
o}, ERM 7|2 S a0 A To= Qs At A
=2E A7stE e, 2402 CMAQ dAlSat &
Fho] W7 EAfSE AR o] A=t ok B HSoll
ARSI I A¥ 2 Ak& 4= Day0 33,2407,
Dayl 33,2167, Day2 33,1927 2 & Uit
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Table 2. Air quality monitoring stations in Busan
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No  Grid number Monitoring station

No  Grid number

Monitoring station

1 60 Taejongdae (TJ) 15 355 Yongho-dong (YH)

2 90 Noksan-dong (NS) 16 372 Hakjang-dong (HJ)

3 99 Jangnim-dong (JR) 17 389 Gaegeum-dong (GG)
4 132 Cheonghak-dong (CH) 18 409 Jeonpo-dong (JP)

5 142 Myeongji-dong (MZ) 19 413 Jaesong-dong (JS)

6 147 Dangni-dong (DR) 20 494 Daejeo-dong (DJ)

7 152 Gwangbok-dong (GB) 21 497 Deokcheon-dong (DC)
8 201 Daesin-dong (DS) 22 506 Myeongjang-dong (M])
9 233 Sujeong-dong (S]) 23 550 Hwamyeong-dong (HM)
10 236 Gwangan-dong (GA) 24 560 Hoedong-dong (HD)
11 239 Deokpo-dong (DP) 25 635 Gijang-eup (GJ)
12 267 Jwa-dong (JW) 26 669 Cheongryong-dong (CR)
13 320 Yeonsan-dong (YS) 27 771 Yongsu-ri (YR)
14 323 Daeyeon-dong (DY)
23 #=H 2.4. o2l
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Fig. 3. Cluster distributions of PMo and PM; 5 for Day0, Dayl, Day2 predictions with different numbers of clusters

(K =3, 4, and 5). Grids containing air quality monitoring stations are indicated by hatching.
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HAH S 2 A ASk= Gradient boosting (GB)= 4§
Sto] 921 7Rl UEE =t GBE o1 ©A 9
qd& ox5 st o g Hokshs Wi o & sleo] o]
Foj2u, HHEA o 7 oFgt 5t 7] & Agsto] A& A
T2 FNNE & ddx gEHA oK (Friedman,
2001). vEA[BFe 2 4 Fte] ®thsl HlojEE A&
Ao e5ol7] 9o SEEET MERAL A
2] o] 2314 %1 XGBoost (XGB)YE 475ttt XGB
+ GBE 7I¥te & ALt a7} A3
ekt el o, HE Aito] 7Hsskal FA|F 0‘#
ztste] eh50] tEAE =Y 4 ITKSim et al.,
2022; Fatima et al., 2023).

7y 7192 R v.4.4.1 &7 NA Tt} RF+=
randomForest T7]Z] W randomForest 3+& AH:
5192 ntree= 30022 AA5HAH. SVM e1071
{712] W svm 45 AHESEICH type “eps-
regression”, kernel2 ‘radial’® AAste] E4I5F%]
tt. GBE gbm =712 W gbm 3+ ARSI oH
Out-of-bag (OOB) W= A-gsto] 531 th XGB
+ XGboost @712 W xgb.train &+ AH&5I30H
objective= “reg:squarederror’ 2 2355t
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HoHKim et al., 2009; Kumar et al., 2022).
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Fig. 5. Box plots of the correlation coefficient, RMSE, and MAE for PMo and PM, 5 after applying machine learning models
(RF, SVM, GB, and XGB). The box shows the 25", 50", and 75™ percentiles; dots indicate the mean, asterisks(*) the
1% and 99 percentiles, and whiskers the minimum and maximum values.
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Fig. 6. Comparison of the number of correct predictions for PM;o and PM; 5 before and after XGBoost-based nonlinear
regression correction across concentration ranges.
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