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ABSTRACT

This study evaluated six machine learning algorithms for modeling PM2.5 concentration in the
Taichung region and analyzed the impact of introducing spatiotemporal factors. Incorporating both
spatiotemporal and temporal factors improved accuracy, with temporal factors exhibiting significant
enhancement. Random Forest (RF) consistently outperformed other methods, with RMSE
improvements of 1.90%-22.41%, 0.24%-22.50%, and 1.39%-21.15% for M16, M14, and M12 models,
respectively. MAE improvements ranged from 4.66%-22.47%, 1.29%-22.28%, and 1.85%-22.06%.
These results highlight RF with the additional inclusion of temporal factors as the optimal approach for
PM2.5 concentration modeling in this study.
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AR DA A o

FeRRRS BT 0 S A RRF) &7 e
PRBEBANSE F G F AR S o178
v E e %M%f; 2 R > 11 RMSE #
MAE 2 fkit B 2 HF R3S 5 (L ST &
HRERE)ApERAE T 32 AR 5 kD fe
B)d4rd 6 228 13 #771 >MI6-M14 2 MI2 &
RMSE = & # & # 2 & A w43 1.90% ~
22.41% ~ 0.24% ~ 22.50%%£7 1.39% ~ 21.15% ;

& MAE %4 > # R &2 54 w43 4.66%

~22.47%~1.29% ~22.28%% 1.85% ~22.06% ¢

EAFTEEATEA TR BT &
FEE D G ST R HR(RE)E H a3 G gpt £
AP $HAE ik e Hka 0 A A E g TS A
WAe » PR TG HOT RO R R AR RO R
Prde PR TR BF -

20 31 R A

Method RMSE(ug/m®)  MSE(ng/m®)?

MAE(ug/m®)

R? Training Time(s)

M16 M14 M12 M16 M14 M12 M16 M14 M12 M16 M14 M12 M16 M14 M12

RF

2.81 2.84 3.03 7.88 8.04 9.17 196 1.99 2.15 0.92 0.92 091 90

59 64
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GPR 1.67 1.73 2.01 2.78 2.98 4.05 0.97 1.04 1.33 0.97 0.97 0.96

2460 2237 1867

ANN 3.43 357 3.73 11.74 12.76 13.93 258 2.68 2.80 0.89 0.88 0.86 968 293 840
SVM 3.57 3.69 3.86 12.76 13.59 14.88 2.58 2.67 2.80 0.87 0.86 0.85 465 640 404
DT 292 297 3.15 855 8.83 992 197 200 2.16 092 092 091 14 18 19
CNN 4.10 4.40 4.30 16.8519.32 18.54 2.97 3.22 3.15 0.83 0.82 0.80 579 597 570

20 MlSE

(, 1T||1T||'ITI|H H ||. il vl wi s,

B 9. A5 % L i
3. A Fp REHAUAVREEARE S F L 50 i
Method RMSE(ug/m°) MAE(ng/m?)

Improvement Rate (%)

M14-16 M12-14 M12-16 M14-16 M12-14 M12-16

RF 1.06 6.27 7.26 151 7.44 8.84
GPR 3.47 13.93 16.92 6.73 21.80 27.07
ANN 3.92 4.29 8.04 3.73 4.29 7.86
SVM 3.25 4.40 7.51 3.37 4.64 7.86
DT 1.68 571 7.30 1.50 7.41 8.80
CNN 6.82 -2.33 4.65 7.76 -2.22 571

Improvement Rate (%) = (Mi — M;)/M;ix100

(%) ls | ‘ | |
] i, 0 Jued Dol il
Bl 10. 7 F p BB D RS %t )
4. BEAIRGE S Rk A
Method RMSE(ug/m®) MSE (ug/m?®)® MAE(ng/m®) R?

Ml6 Ml14 MI2 Ml6 MIl4 MI2 MIl6 Ml4 MI2

Ml16 Ml14 MI2

RF 412 410 425 1701 16.81 18.09 3.07 3.07 3.8

084 085 0.83

_8-



Lﬁ??fﬁ 57X %@ AR 1I2.11.
JOURNAL OF C.C.LT,, VOL.52,NO.2, NOV., 2023

GPR 420 411 431 1767 1693 1857 322 311 324 084 085 0.83
ANN 481 423 444 2311 1789 197 378 321 335 0.81L 084 081
SVM 432 423 440 1864 17.87 1938 329 316 327 0.83 0.83 081
DT 531 529 539 2825 28.03 29.08 396 395 4.08 0.77 0.77 0.75
CNN 468 499 469 2193 2492 2204 349 365 351 080 0.79 0.78
0l || | || ‘| il I| n || F—
Bl 11 HE31RIA = % v iR
5. e p REAHIREEM RS F A R RAL
Method RMSE(ug/m°) MAE(ng/m?)
Improvement Rate (%)
M14-16 M12-14 M12-16 M14-16 M12-14 M12-16
RF -0.49 3.53 3.06 0.00 3.46 3.46
GPR -2.19 4.64 2.55 -3.54 4.01 0.62
ANN -13.71 4.73 -8.33 -17.76 4.18 -12.84
SVM -2.13 3.86 1.82 -4.11 3.36 -0.61
DT -0.38 1.86 1.48 -0.25 3.19 2.94
CNN 6.21 -6.40 0.21 4.38 -3.99 0.57
Improvement Rate (%) = (Mi — M;)/Mix100
- il .. 1 TR
Bl 12. 7 Fp p FEBANPGES B R RS 3OV RE
# 6.RF AR S Aot B v HOA A2 S A (5 +)
RMSE (ug/m®) MAE(ng/m°®)
Method RF
Improvement Rate (%)
M16 M14 M12 M16 M14 M12
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GPR 1.90 0.24 1.39 4.66 1.29 1.85
ANN 14.35 3.07 4.28 18.78 4.36 5.07
SVM 4.63 3.07 341 6.69 2.85 2.75

DT 2241 22.50 21.15 22.47 22.28 22.06
CNN 11.97 17.84 9.38 12.03 15.89 9.40

Improvement Rate (%) = (Method — RF)/Methodx100

20
15
(%)
10 |

GPR ANN CNN

-M16 mM14a mM12 M16 = M14 -MI)
\ [

f f
RMSE MAE

B 1I3.REBEAPIREA SR ETHAUAFARELFTTLE

(DMQS%EEWF%%%Eﬂiﬁj&%

PR BH T A R w A A
PRARE LGRS TR ATER TP A
AEL RS EE S M R 2 FEO RRAFRILIENL
PM2.5 kR 50 5 8 £ M-t B B4 ¥ i R L s S R
FAELER N LG ARAES SRS E D Nl R i
EMEE T 5 AR AT RS AR R WG BTN 25§ P4 F %2R
PR F TR HHQRE) - B A S F R4y AR e ® e PM2.5 R R 3R
B(CNN)~ § #7842 % jF(GPR)~ 4 2 44 T e Sz BFFF 6@+ 3 Lk o
(ANN) » 2 v EH(SVM)2 A RTAHDT)E 6 (ks ois® 6 B ESY S 2 pr 40 5
BRI WRFA AR ESY S Y #F e PM2.5 Gk RAEHC 0 357 3 4 E i
B PM2.5 kR E RS o AT R it PR*% 5 330 0.8 RMSE * 48] %+ 5
29 Al pEL B Ak BT Y RER Y ng/m’ o
GO R ko T d A F Pk LR By (4)% #7842 ¥ i (GPR) #0412 S § fids
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R S Sne IRl N </ WA [N s O A R AT LW TG A R
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LTS R IR B SR Gy £ HRF)N ALY % A
B2 A H R (RE) 5 R R RS ISR S AL B R S T 0 e
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(L) g 2 B 515 en§ » B Il R > e e Re Yy R8s LR B
ARG F P TS A B edk N S
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