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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 dissemi-
nation of human health advisories and the preparation of mitigation strategies. Traditional air quality mod-
els, such as the Community Multi—scale Air Quality (CMAQ) model, have unsatisfactory accuracy. Ac-
cordingly, 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 pollutants (SO, ,

NO,, PM,,, PM,., O, and CO). The accuracy of HHO-CNN-LSTM was evaluated using root mean
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square error ( RMSE) , mean absolute error ( MAE) , and the index of agreement (/0OA). The results

demonstrated a significant improvement in the accuracy of prediction for the six pollutants using the cor-
rection model. RMSE decreased by 73.11% to 91.31% , MAE decreased by 67.19% to 89.25%, and 10A
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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Fig. 4 Correction results of pollutant concentration
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Table 1 Evaluation index results before and after correction

SO,/ (pg - m™)

NO,/(pg + m™) PM,p/(pg + m™)

bR
CAMQ CMAQ-DL CAMQ CMAQ-DL CAMOQ CMAQ-DL
RMSE 9.3319 0.810 9 82.801 1 7.966 7 37.128 6 9.686 9
MAE 52142 0.649 7 60.971 3 6.5559 28.266 6 7.436 3
T0A 0.565 2 0.913 2 0.583 6 0.928 5 0.688 5 0.935 4
e PM,/(pg - m™) 0,/ (pg - m™) CO/(mg - m™)
CAMOQ CMAQ-DL CAMOQ CMAQ-DL CAMOQ 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

159 A RMSE MAE 104
HHO-CNN-LSTM 0.810 9 0.649 7 0.913 2
< CNN-LSTM 0.910 8 0.669 2 0.863 7
o LSTM 1.247 2 1.066 7 0.723 6
SVM 1.546 2 1.412 4 0.716 9
HHO-CNN-LSTM 7.966 7 6.555 9 0.928 5
. CNN-LSTM 8.502 4 6.808 3 0.918 4
’ 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
CNN-LSTM 11.522 5 9.634 6 0.897 7
PM,,
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 0.922 2
CNN-LSTM 14.022 2 12.223 5 0.906 0
Pilas LSTM 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 13.317 0 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-LSTM 0.176 9 0.144 5 0.836 8
0 LSTM 0.203 5 0.173 7 0.801 3
SVM 0.169 8 0.137 8 0.828 0
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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
599 LT RMSE MAE 10A
<0 HHO-CNN-LSTM 0.8109 0.649 7 09132
o GHHO-CNN-LSTM 0.800 5 0.629 5 0.909 8
o HHO-CNN-LSTM 7.966 7 6.5559 0.928 5
NO: GHHO-CNN-LSTM 7.927 0 6.504 2 0.928 6
- HHO-CNN-LSTM 9.686 9 7.436 3 0.935 4
. GHHO-CNN-LSTM 9.822 4 7.536 7 0.933 7
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GHHO-CNN-LSTM 12.020 2 10.290 6 0.930 6
0, HHO-CNN-LSTM 10.803 0 9.205 8 0.840 0
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. HHO-CNN-LSTM 0.248 8 0.209 0 0.663 0
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4 = 2 SR 2 T R SRR T, @ s R A A

B R vk e LA TSR S, AT S0
IR CMAQ 575 e i 10 U B O A<



TR 5

FF HHO-CNN-LSTM ) CMAQ & IEAR T 2 HAr 1 if i 23 3050 & s v i

-+ 109 -

R, T, A SCHE A CMAQ AR B X I g T
2022 4F 12 A X FF RS54 9 (SO, . NO, . PM,, |
PM,, .0, .CO) ¥R JEHEAT 0 1 il I, 57 HHO
—~CNN-LSTM BRI 45 R A TIE IE , B e
TN RE  RMSE W80 T 73.11% ~91.31% , MAE
WL T 67.19% ~ 89.25% , I0A $£ T+ T 35.34% ~
108.29% , FH-£1%F HHO 53k b ARy s dee I 1mi 3 24
X CO W JE 8 IERCRASAE I ] 81, i v S0r B AL
T SR X SR AT et B2 i TIE IEALTAE CO
WeRE E R P0G BE . 5 SO R AE LG, RMSE />
T 39.55%, MAE ¥ /> T 45.93%, 10A & & T
32.43% . AR TAERM N TR EER AR 5555 R
JT LAY R 25 5 R AL T R S RS e W i B
BYEH T 5Tk,

SR, J T VR B 2 20 1 00 32 B A7 A HL )
B, i an, 76 A 0 T T B 2 B R
25 L) TG “ e = AT g R A X AR i R AR AR A
AN UHERR 0 7 S5 PR, PR, 7R AR SR RIS
AT L B A s ] R b A B U i A R I
WS R A BB (0 A5 Ty Rl A 28 I 45 42
g, DA gt 57—~ H A T i A 3 R AT i R
PE IR 28 S5 TR AR A

5% 3Lk ( References) :

[1] ZHENG B, ZHANG Q, ZHANG Y, et al. Heterogeneous chem-
istry: A mechanism missing in current models to explain sec-
ondary inorganic aerosol formation during the episode in north
China[ J]. Atmospheric Chemistry & Physics, 2015, 14(15) :
2031-2049.

[2] ZHE W, WANG L, CHEN M, et al. The 2013 severe haze over
the Southern Hebei, China: PM, s composition and source ap-
portionment [ J ]. Atmospheric Pollution Research, 2014, 5
(4): 759-768.

[3] HU]J, CHEN J, YING Q, et al. One—year simulation of ozone
and particulate matter in china using WRF/CMAQ modeling
system [ J ]. Atmospheric Chemistry & Physics Discussions,
2016, 16(16) : 10333-10350.

[4] NAPELENOK S L, VEDANTHAM R, BHAVE P, et al. Source
—receptor reconciliation of fine—particulate emissions from resi-
dential wood combustion in the southeastern United States[ ] ].
Atmospheric Environment, 2014, 98, 454-460.

[5] KOOYS,KIMST, CHOJ S, et al. Performance evaluation of
the updated air quality forecasting system for Seoul predicting
PM,,[J]. Atmospheric Environment, 2012, 58(30) : 56-69.

[6] WANG N, GUO H, JIANG F, et al. Simulation of ozone forma-
tion at different elevations in mountainous area of Hong Kong
using WRF — CMAQ model [ J ]. Science of the Total
Environment, 2015, 505(36) : 939-951.

[7]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

BB FETIRE GM( L, 1) B AR K0 e e
B[ T]. REIRFREELR, 2019, 33(2) : 56-58+55.
WU Wengqi. Air pollutant concentration prediction in Chengdu
based on grey GM(1,1) model[ J]. Energy Environmental Pro-
tection, 2019, 33(2) : 56-58+55.
B, BRAS, BRMES, 2. CMAQ RS e HAE IF Tl /6 Bk
=X RN AR )], R 5HR, 2012, 35(2) .
96-101.
XIE Min, ZHONG Liuju, CHEN Huansheng, et al. Application
and verification of CMAQ model and revision forecast in Pearl
River Delta Region[ J]. Environmental Science & Technology,
2012, 35(2): 96-101.
T, RN, MMIT. CMAQ B K B IEHARTE R
P, T (RGO ). FREERIAEAE4R, 2015, 35(6) -
1651-1656.
WANG Qian, WU Jianbin, LIN Yanfen. Implementation of a
dynamic linear regression method on the CMAQ forecast of
PM, 5 in Shanghai[ J]. Acta Scientiae Circumstantiae, 2015,
35(6): 1651-1656.
FiAe ) RAE, XMASR, . 2 BT AU IR I X T
R IATIEJ]. PUr R4 ( A RBIARR) | 2021,
43(7): 176-184.
LU Hua, WU Zheng, LIU Bojun, et al. Test and correction of
forecast effect by air quality numerical prediction models in
Chongging urban city [ J ]. Journal of Southwest University
(Natural Science Edition) , 2021, 43(7): 176—184.
SAYEED A, LOPS Y, CHOI Y, et al. Bias correcting and ex-
tending the PM forecast by CMAQ up to 7 days using deep
convolutional neural networks[ J]. Atmospheric Environment,
2021, 253 118376-118384.
YI X, DUAN Z, LI R, et al. Predicting fine—grained air qual-
ity based on deep neural networks[ J]. IEEE Transactions on
Big Data, 2020, 8(5): 1326-1339.
XAYASOUK T, LEE H M, LEE G. Air pollution prediction u-
sing long short—term memory ( LSTM) and deep autoencoder
(DAE) models [ J]. Sustainability, 2020, 12 (6). 2570
-2587.
PAK U, KIM C, RYU U, et al. A hybrid model based on con-
volutional neural networks and long short — term memory for
ozone concentration prediction[ J]. Air Quality, Atmosphere &
Health, 2018,11(8) . 883-895.
LI T, HUA M, WU X. A hybrid CNN-LSTM model for fore-
casting particulate matter (PM,5) [J]. IEEE Access, 2020,
8. 26933-26941.
DU S, LIT, YANG Y, et al. Deep air quality forecasting us-
ing hybrid deep learning framework [ J]. IEEE Transaction on
Knowledge and Data Engineering, 2021, 33(6) : 2412-2424.
ZHAO B, LU H, CHEN 8, et al. Convolutional neural net-
works for time series classification[ J]. Journal of Systems En-
gineering and Electronics, 2017, 28(1) : 162-169.
SHAHHOSSEINI M, HU G, KHAKI S, et al. Corn yield pre-
diction with ensemble CNN-=DNN[ J ]. Frontiers in Plant Sci-
ence, 2021, 12. 709008-709020.



- 10 - e O B R A

237 &5 o W

[19]

[20]

[22]

[23]

KANJO E, YOUNIS E, ANG C S. Deep learning analysis of
mobile physiological, environmental and location sensor data
for emotion detection[ J]. Information Fusion, 2019, 49. 46
-56.

LI X, PENG L, YAO X, et al. Long short—term memory
neural network for air pollutant concentration predictions:
Method development and evaluation[ J]. Environmental pollu-
tion, 2017, 231 997-1004.

MA J, DING Y, CHENG J C P, et al. A Lag—FLSTM deep
learning network based on Bayesian Optimization for multi—se-
quential —variant PM, 5 prediction[ J]. Sustainable Cities and
Society, 2020, 60: 102237-102246.

HE Q Q, WU C, SI'Y W. LSTM with Particle Swam Optimiza-
tion for sales forecasting[ J]. Electronic Commerce Research
and Applications, 2022, 51 101118-101137.

ZHOU Y, SHI J, CHEN H, et al. Interval prediction of photo-
voltaic output based on WOA-LSTM~-LSSVM combined model
[C]. Chongqing: 2021 6th Asia Conference on Power and E-

[24]

[25]

[26]

[27]

lectrical Engineering (ACPEE). IEEE, 2021 514-519.
HORA S K, POONGODAN R, PRADO R P, et al. Long short
—term memory network — based metaheuristic for effective
electric energy consumption prediction[ J]. Applied Sciences,
2021, 11(23): 11263-11282.

HEIDARI AA, MIRJALILL S, FARIS H, et al. Harris Hawks
Optimization; Algorithm and applications [ J ]. Future
Generation Computer Systems, 2019, 97, 849-872.

TIAN M, WANG H B, CHEN Y, et al. Highly time-resolved
characterization of water—soluble inorganic ions in PM, 5, in a
humid and acidic mega city in Sichuan Basin, China[J]. Sci-
ence of the Total Environment, 2017, 580, 224-234.
RERR, PR, TR, S HTRRRARE RO AL R
RLT]. M ICE2 MR (B , 2022, 43(3) : 21-30.
GAO Yuelin, YANG Qinwen, WANG Xiaofeng, et al. Over-
view of new swarm intelligent optimization algorithms[ J]. Jour-
nal of Zhengzhou University ( Engineering Science) , 2022, 43
(3): 21-30.



