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Deep Learning—Based Joint Multi—City Prediction Model for Air Pollution
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Abstract: The traditional urban air pollution prediction model only models the historical data of Chengdu over time, ignoring the influence of
the spatial dimension of pollutant diffusion in surrounding cities. To this end, a deep learning based multi city joint prediction model for air pol-
lution, Res Att SimVP, is proposed, which includes spatial feature extraction module, temporal feature extraction module, feature screening
module, and prediction module. Among them, the spatial feature extraction module uses residual networks to extract spatial feature informa-
tion between cities; The time feature extraction module uses Inception network for temporal modeling; The feature filtering module uses chan-
nel attention mechanism and spatial attention mechanism to selectively focus on feature information in different regions and time periods ; The
prediction module uses a fully connected network to achieve air pollutant concentration prediction. Integrating all modules can effectively alle-
viate the impact of pollutant diffusion in surrounding cities. The hourly meteorological data, air pollutant data, and distance information be-
tween Chengdu and surrounding cities were used to test the predictive performance of this method and the control method for air pollutant con-
centrations at different time scales. The results showed that compared with the Res ConvL.STM model, the Res Att SimVP model reduced the
average RMSE and MAE of PM2.5, PM10, and NO2 by 12% and 15%, 11% and 15%, and 12% and 22%, respectively, at different predic-
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tion durations, demonstrating high accuracy.

Key Words: air pollution prediction; deep learning; spatio—temporal data; multi-city joint; time series
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Fig.1 SimVP model structure
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Fig.2 Res—Att—SimVP model structure
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Fig. 5 Feature filtering module
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Fig. 6 Prediction module structure
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Table 1 Correlation analysis of pollutant factors
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EYY PM2.5 PMI0 NO, S0, 0, CO AQI
PM2.5 1 0.9 0.5 0.5 -0.3 0.7 0.9

PM10 0.9 1 0.7 0.5 -0.2 0.6 0.9
NO. 0.5 0.7 1 0.4 -0.4 0.6 0.5
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Table 2 Correlation analysis of meteorological factors
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Table 3 Correlation analysis of air quality between Chengdu and

neighboring cities
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Fig. 8 Data filling and feature fusion

B8 HIEEFESHIEME

3.2 iFiEtR

K F 14 )5 #1222 (Root Mean Squared Error, RMSE) 1
SE 48 %5 12 2% (Mean Absolute Error, MAE)AE J PB4 48 b fiiy
S G Y W B TN (ARG B . PR HE AR B AN 5
RS s o R A

RMSE = /%Z’zl(y,—y;)2 (5)

AN ,
MAE:EEL‘:JJ’L'_?’J (6)
3 n FR IR AR 1) B 5 y, 3R T5 Rk I Y
S sy AR 475 G e
33 XBWHEREHN
331 FARTEE L IE M LR H R
29 AT T S X U 235 SR A S ) 8 5 AR T
JE A 8 At CJE Ly (AR BT Vg e i ARl CHEZE T
VLT Bl (BB ) L 103l O s 45 BT R
FET AR CHEZE T T AR B T B
) A2 (FERH T B T JE s AR BT R S
TSR HEZ T AT BT BE PH T BT
WO PEAT WAL, SEIR A RNk 4 fron o AT LLAR Y, EHEEL
2 BB AT A A A TN AR
Table 4 Prediction results for different numbers of cities
F4 TEBTHETMNER
8 10 12
RMSE MAE RMSE MAE RMSE MAE
PM2.5 10.441 7.151 10.059 6.684 9.154 6.053

PM10 16.224 11.049 15.942 10.890 14.539 9.652
NO, 9.403 7.008 9.213 6.857 8.065 5.932
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Table 5 Effect of distance information on the prediction accuracy of
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Fig. 13 RMSE of NO, prediction for each model
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Fig. 10 MAE of PM2.5 prediction by various models
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Table 6 PMZ2.5 prediction result comparison

+R6 PM25TMLRILE

Res—ConvL.STM Res—Att-SimVP

(T,N)
RMSE MAE RMSE MAE
(1,3) 4.826 2.994 4.087 2.341
(3,7) 7.640 5.256 6.257 3.964
(6,10) 9.947 6.828 8.738 5.824
(12,12) 13.286 9.252 11.921 8.016
(24,18) 16.245 11.291 14.769 10.119
B 10.389 7.124 9.154 6.053
Table 7 PM10 prediction result comparison
R7 PMI0OTIMER LB
(T.N) Res—ConvLSTM Res—Att—-SimVP
RMSE MAE RMSE MAE
(1,3) 7.124 4.515 6.218 3.625
(3,7) 11.744 8.178 10.113 6.426
(6,10) 15.515 10.867 13.841 9.400
(12,12) 21.168 14.897 19.001 12.767
(24,18) 25.674 18.298 23.521 16.043
YA 16.245 11.351 14.539 9.652
Table 8 NO, prediction result comparison
#8 NO,MZERIELE
(T.N) Res—ConvL.STM Res—Att—=SimVP
RMSE MAE RMSE MAE
(1,3) 4.837 3.586 3.951 2.781
(3,7) 7.938 5.923 6.281 4.434
(6,10) 10.742 8.131 8.419 6.027
(12,12) 11.908 9.084 10.086 7.641
(24,18) 14.169 11.148 11.586 8.775
E 9.189 7.574 8.065 5.932
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