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Fig. 2 Processes of AQI prediction by CNN-GRU integrated model
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Table 1  CNN model parameters
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HAL)Z 1 WiAbA% :2x2 WA= Rt ik
BRZ 2 BRI 2%2 4 PR : ReLU
WAL 2 A% . 2x2 Ay =X Bk ik

A SCAH FH Keras #1125 W 28 HEZL B 3 GRU ] 45
fifi 7 51 Sequential FEAIXTZAKIKES NN 3 4~ GRU 2
M—A 232 Hd GRU E4 518 — M 64
AHTE R ReLU 37 pREU L) S 15 B return _se-
quences =True ) GRU JZ,—/M A 32 ~HI0 R
ReLU ¥4 1% PREL L L X B return_sequences = True [
GRU JZ,—Mil A1 32 M0 SR RelU B PRI %L
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return_sequences S 4L A Ture , /8K % 2 45 BAE N
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PRELAE 71 2% (Mean Squared Error, MSE) , {4k
#3E A Adam , 38 3 model. compile () PRV A, ¢
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®2 GRUBH
Table 2 GRU parameters

HIHES LETREDI N SH/4
gru_l (GRU) (None, 1,64) 110 784
gru_2 (GRU) (None, 1,32) 9312
gru_3 (GRU) (None,32) 6 240
dense_1 (Dense) (None, 1) 33
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T AQU AR PN H A, Fah U T

eMAE:%i Ly =y, (6)

1 & 5
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eMAPE — 10:% ;yb s (8)
TEP y, 0 AQL ELIH ¢, g AQL BUAE , n Sy HEA
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Fig. 3 Loss function curves with different learning rates
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PIEAR R 3, 5000E T 2% H 0. 001 Af,CNN-GRU
AR R TN AQL R 138 22 e /), PR LA o o ) %%
43 0. 001.

%3 AEZIETETMEHRER

Table 3  Evaluation indexes under different learning rates

ZE R MAE RMSE MAPE/%  IZEATH/s
0.1 0.067 9 0.140 3 37.58 54.76
0. 01 0.048 6 0.076 8 24.72 54.28
0. 001 0.048 1 0.0715 23.95 51.39
0. 000 1 0.049 0 0. 080 2 24. 84 55. 64
2) Epoch

Epoch J&7E I 254 28 W 45 Bf, 4 3% > B8 4 i
TR Y 2 — YR 3% AR KL Epoch i /N 23 5 3K
CNN-GRU B R SUA | Toik 532 21 15 Y SR B s
FEHHAE, Epoch 1 K42 530 CNN-GRU #5703 81 4 |
XTI Z AR BEAR. 4% 343 3% 50,100 150,200
250,300 1 Epoch #4713, CNN-GRU #5754 7 A )
Epoch T2k pRECAY th 2 an &l 4 Fros.

P 4 g ol e AR I R AR 40 0% R B, s AR
X AR 18 R AL AN &L 4 FE7R, 24 Epoch A 50,
100,150,250,300 5, 4R i 2K ok A5 it 22 38 5
K SR JE g% LT, M B A A, 24 Epoch 24 200
B, M Rk R R A TR, TR 51 %%
P R AR AL, DB Epoch #£4#% 200 . 43
SE 30,50, 100, 150, 250, 300 1 Epoch #f 7
CNN-GRU BRIy, 20 3 S5, X PFA 8 Aok
KI5 513 4, 51F T Epoch iy 200 I}, CNN-GRU 4
B FFI AQL ) 1% 25 B /N, A I B %€ Epoch
4 200.

%4 7F[E Epoch TEIFEMNIERER

Table 4 Evaluation indexes under different Epochs

Epoch MAE RMSE MAPE/% Y% /s
30 0.0513 0.081 4 26. 65 46.77
50 0.049 1 0.087 0 24.21 53.23
100 0.049 0 0.077 9 25.00 76. 46
150 0.047 7 0. 076 4 24. 24 77.71
200 0.047 0 0.074 6 23.58 93.96
250 0.048 3 0.074 9 25.31 110. 54
300 0.047 8 0.076 3 23.71 124. 48
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Fig. 4 Loss function curves under different Epochs

3) Batch_size
Batch_size & CNN-GRU 4 i AU I o fE vp

— YA PR AR A B 33 16 .32 .64 1 Batch_

size 17 CNN-GRU BLAUI 25, Zeak 3 YR SL 5, X 1T
MrAshReRIEMA RN 5, 83E T Batch_size fy 32 1,
CNN-GRU 4 iU AU T AQI iR 22 5/ )s , I LA
Baich_size Jf 32.

£ 5 7 Batch_size TZIEMNIEIRIER

Table 5 Evaluation indexes under different Batch_sizes

Batch_size MAE RMSE MAPE/ %
16 0.048 1 0.074 9 24.62
32 0.047 7 0.076 0 24.12
64 0.048 9 0.076 6 24.92
4) Dropout

Dropout J&— i FH T IR FE 2 2] 155 54 v iy 1F U
PR i3k 5 | A BEALE R By 1A A ok 32 f e s
e, #E e R 1)z 1L BE J1. £ CNN-GRU £
AR Dropout W7 3045 : 76 CNN JZ )5 1 I
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J5 Dropout. Ay 0.7.0.5.0.3.0.2 19
Dropout RIEATINR , 25 B L 0], 76 GRU JZ 11 18 v FH
0.2 [ Dropout, LA } #£ CNN J2 J5 1H . H 0.3 11
Dropout &ML T, BEAITIN AQI () MAE 4 0.046 5,
RMSE 3 0.074 5,MAPE 2 0.232 2 Al H Al 2
HOC R SR A

5) K

TERE 2= I AL 55, 54K (Sequence Length ) J&
TRAEIEAT B AL SF R, Tk A% ER2 3l
)25 B i D K e it B RO i R P KA &
EEISEA RO ID R I3 N iGN POk /Sy Al
W, DR HG A 2D B /N3 B AR SR 1.6,
12 (PR AT 3 AR, SR {EAS 35 6. 2 Ul
MK 6 B, CNN-GRU £ U RIS AQI f Tt 15
Zt/ N IHEA E 2P K 6.

®6 ARAFTKTHEMIERFR
Table 6 Evaluation indexes under different steps
K MAE RMSE MAPE/ %
1 0. 086 4 0.108 9 30. 06
6 0.047 1 0.073 7 23.76
12 0.087 2 0.108 4 29.87
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Table 7 AQI prediction results under the

first group of characteristics
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Fig. 5 AQI data series of Beijing and Guangzhou in 2022
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Air quality index prediction based on integrated deep learning model

LU Kaili' YANG Lu' LI Tao'

1 School of Statistics, Xi’an University of Finance and Economics,Xi’an 710100, China

Abstract  Air pollution seriously endangers the travel safety and health of residents. As a comprehensive indicator
used to measure air quality condition, Air Quality Index ( AQI) can alert the public to air quality and enable people
to make more informed travel decisions.By predicting the change of air quality in advance,the government and envi-
ronmental protection departments can take emergency measures to reduce air pollution.Here ,we propose an integrat-
ed deep learning model based on Convolutional Neural Network and Gated Recurrent Unit ( CNN-GRU) for AQI
prediction.The CNN is used to extract the spatial and temporal characteristics of air pollutants and AQI and com-
plete the feature mapping,while the GRU to model the temporal relationship and complete the calculation and AQI
efficiently.The daily average concentrations of six major air pollutants (PM, ;,PM,,,S0,,CO,NO,,O,) in Beijing
and Guangzhou during 2014-2022 are selected for example study,and the AQI is predicted using the CNN-GRU
model.The results show that, compared with Multiverse-Optimized Generalized Regression Neural Network model
(MVO-GRNN) and Genetic Algorithm-optimized BP neural network model ( GA-BP ), the proposed CNN-GRU
model has the smallest prediction error for AQI.

Key words air quality index ( AQIL) ; convolutional neural network ( CNN); cated recurrent unit ( GRU) ;

integrated model



