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Application of HHO-CNN-LSTM-based CMAQ correction model
in air quality forecasting in Shanghai
ZHENG Xinnan', LIN Kaiyan®, WANG Zijing', SONG Yuanbo', SHI Yang', LU Hanyue',
ZHANG Yalei>*, SHEN Zheng> *
(1. College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China;
2. Institute of New Rural Development, Tongji University, Shanghai 201804, China;

3. College of Environmental Science and Engineering , Tongji University, Shanghai 200092, China)
Abstract; With rising levels of air—pollution, air—quality forecasting has become integral to the dis-
semination of human health advisories and the preparation of mitigation strategies. Traditional air quality
models, such as the Community Multi — scale Air Quality ( CMAQ ) model, have unsatisfactory
accuracy. Accordingly, a correction model, which combines convolutional neural network ( CNN) and
long—short—term memory neural network ( LSTM) and optimized by harris hawks optimization algorithm
(HHO) was established to enhance the accuracy of CMAQ model’s prediction results for six air pollu-
tants (SO,, NO,, PM,,, PM,, O, and CO). The accuracy of HHO-CNN-LSTM was evaluated using
root mean square error ( RMSE) , mean absolute error ( MAE) , and the index of agreement (JOA).

The results demonstrated a significant improvement in the accuracy of prediction for the six pollutants u-

sing the correction model. RMSE decreased by 73.11% to 91.31 %, MAE decreased by 67.19% to
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89.25% , and I0A increased by 35.34% to 108.29%. To address the propensity of the HHO algorithm

to converge on local optima, leading to poor CO correction performance, this study proposed a method

for the HHO algorithm with a Gaussian random walk strategy to improve the CO concentration correction

performance.

Keywords: Air quality prediction; CMAQ; Convolutional neural network ( CNN) ; Long—short—term

memory neural network ( LSTM) ; Harris hawks optimization algorithm ( HHO)
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Table 1 Evaluation index results before and after correction
N S0,/ (g - m™) NO,/(pg - m™) PM,,/(pg - m™)
MR
CAMQ CMAQ-DL CAMQ CMAQ-DL CAMQ CMAQ-DL
RMSE 9.3319 0.810 9 82.801 1 7.966 7 37.128 6 9.686 9
MAE 5.214 2 0.649 7 60.971 3 6.5559 28.266 6 7.436 3
10A 0.565 2 0.913 2 0.583 6 0.928 5 0.688 5 0.935 4
. A PM, 5/ (pg» m™) 0;/(pg+m™) CO/(mg - m™)
BRAEELD
CAMQ CMAQ-DL CAMQ CMAQ-DL CAMQ CMAQ-DL
RMSE 48.868 9 12.713 4 41.661 0 10.803 0 0.925 3 0.248 8
MAE 33.090 8 10.856 3 34.429 4 9.205 8 0.896 0 0.209 0
10A 0.681 4 0.922 2 0.461 7 0.840 0 0.318 3 0.663 0
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Table 2 Model comparison

5 A RMSE MAE 10A
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’ LSTM 9.841 7 8.473 5 0.903 9
SVM 13.692 1 10.377 8 0.859 3
HHO-CNN-LSTM 9.686 9 7.436 3 0.935 4
o CNN-1STM 115225 9.634 6 0.897 7
v LSTM 15.887 1 12.829 9 0.869 8
SVM 15.460 5 10.792 2 0.897 6
HHO-CNN-LSTM 12.713 4 10.856 3 0.9222
CNN-LSTM 14.022 2 12.223 5 0.906 0
Pilas 1ST™ 15.658 8 12.970 2 0.854 6
SVM 15.955 1 14.104 1 0.848 4
HHO-CNN-LSTM 10.803 0 9.205 8 0.840 0
CNN-LSTM 13.303 4 11.424 1 0.804 4
o LSTM 15.482 2 133170 0.740 9
SVM 13.906 0 11.622 7 0.768 6
HHO-CNN-LSTM 0.248 8 0.209 0 0.663 0
CNN-1STM 0.176 9 0.144 5 0.836 8
e LSTM 0.203 5 0.173 7 0.801 3
SVM 0.169 8 0.137 8 0.828 0
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X(t+1)= Gaussian(X(t) ,0) (4)
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Fig. 5 Prediction results of CO concentration
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Table 3 Model evaluation index results before and after improvement

EE L] el RMSE MAE 10A
< HHO-CNN-LSTM 0.810 9 0.649 7 0.913 2
o GHHO-CNN-LSTM 0.800 5 0.629 5 0.909 8

HHO-CNN-LSTM 7.966 7 6.5559 0.928 5

N GHHO-CNN-LSTM 7.9270 6.504 2 0.928 6

. HHO-CNN-LSTM 9.686 9 7.436 3 0.935 4

v GHHO-CNN-LSTM 9.822 4 7.536 7 0.933 7

P, HHO-CNN-LSTM 12.713 4 10.856 3 0.922 2

GHHO-CNN-LSTM 12.020 2 10.290 6 0.930 6

o, HHO-CNN-LSTM 10.803 0 9.205 8 0.840 0

GHHO-CNN-LSTM 12.726 7 11.024 7 0.817 1

) HHO-CNN-LSTM 0.248 8 0.209 0 0.663 0

0 GHHO-CNN-LSTM 0.150 4 0.113 0 0.878 0
4 = 2 FRAFE ST R RIE F gy 25 Rl s A A

TE H f IR B 25 075 G 7 E R i A ] B A A

TN Ge Wy B2 HAT BB S, ARTMIME GE i 28 <
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