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Spatio-temporal hybrid prediction model for air quality

HUANG Weijian, LI Danyang, HUANG Yuan
(School of Information and Electrical Engineering, Hebei University of Engineering, Handan Hebei 056038, China)

Abstract: Because the air quality in different regions of the city are correlated with each other in both time and space,
the traditional deep learning model structure is relatively simple, and it is difficult to model from the perspectives of time and
space. Aiming at this problem, a Spatio Temporal Air Quality Index (STAQI) model that can simultaneously extract the
complex spatial and temporal relationships between air qualities was proposed for air quality prediction. The model was
composed of local components and global components, which were used to describe the influences of local pollutant
concentration and air quality states of adjacent sites on the air quality prediction of target site, and the prediction results were
obtained by using the weighted fusion component output. In the global component, the graph convolutional network was used
to improve the input part of the gated recurrent unit network, so as to extract the spatial characteristics of the input data.
Finally, STAQI model was compared with various baseline models and variant models. Among them, the Root Mean Square
Error (RMSE) of STAQI model is decreased by about 19% and 16% respectively compared with those of the gated recurrent
unit model and the global component variant model. The results show that STAQI model has the best prediction performance
for any time window, and the prediction results of different target sites verify the strong generalization ability of the model.

Key words: air quality prediction; spatio-temporal data; Graph Convolutional Network (GCN); Long Short-Term
Memory (LSTM); Gated Recurrent Unit (GRU); deep learning
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Tab. 1 Influence of number of hidden cells on RMSE
W T A RMSE (SE EiSIw i RMSE
8 5.5 64 3.9
16 4.2 100 4.1
32 4.0 128 4.3

WAL, T STAQUASE ALy 1 & — A~ Jmy P 2L A4 F 42 Ry 2 4
MRS HE«(0O<a< ). HiEE o Wi ERE, 2307
0. 0F1 1. 0 Z [ AR o R /N EL AR A RMSE A, SE 56485 3 an
F2 BN, BB RMSE FR AR AE X R ) 0. 6 75 A AR S 86 v o AR
fH. b o ZECT R S5 R 0T LA BUR AR AL B A TR
AL, 3 B R A 7 b 5 Y e BE X6 B A il o5 25 Ao e g
A T 5 ) L g A0S 3l s s AT R E AR e s AR R T
FEA IR

F2 oBUEST RMSE B 0E
Tab. 2 Effect of o value on RMSE

AR TN . 55 =, 0 T A B A AR B 4 455 A
(41 GRU STAQUBEAY ) e 13, 72 AH [ Tl A0 A5 L T, A5 A1
A DT R B 2 | T2 R TR RE . BRI, TG
A [ 7 1 Al 25 4k, STAQIAS AR AT LA I 3o 31 Gk 3R A Fie £ 73
T RE , AHER T AL R b P RE AL OL A9 GRU BT, STAQI A
I RMSE H R TR 19%. I STAQUEL BRI AT L F48
I, 3838 b RS
#3 AEREEOMNTNLSER

Tab. 3 Prediction results of different time windows

« RMSE « RMSE
0.0 6.4 0.6 4.8
0.1 5.6 0.7 5.3
0.2 5.9 0.8 5.9
0.3 5.5 0.9 5.7
0.4 5.7 1.0 6.7
0.5 5.3

3.3 HERE55%

3.3.1 EERA

Fsf T 74 11 ARIMA SVR BP GRU STAQI
(6,5) 11.31 9.65 8.75 7.86 5.70
(6,10) 11.49 9.78 8.45 7.91 5.81
(6,15) 13.25 10. 25 9.31 8. 15 5.96
(6,20) 12.25 9.61 8. 41 8.23 6.58
(12,5) 11. 14 9.94 8.52 7. 66 5.65
(12,10) 11.25 9.71 8.21 7.87 5.70
(12,15) 11.86 8.75 8.62 7.94 5.88
(12,20) 11.94 9.78 9.04 8.10 6. 40
(18,5) 10. 85 9.68 8.65 7.31 5.53
(18,10) 11.28 8. 84 8.89 7. 66 5.62
(18,15) 11.32 8. 81 8.62 7. 82 5.79
(18,20) 11.84 9.75 8.55 7.95 6.22
(24,5) 11.32 9. 84 8.23 6.92 5.50
(24,10) 11.88 9.65 8.32 7.36 5. 60
(24,15) 11.26 8.98 8.54 7.52 5.63
(24,20) 11.27 8.71 8.62 7. 60 6.01
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Tab. 4 RMSE values predicted by different models for
AQI of Tiantan site

A DA [] B [ 2 1 0 35000 A i) A il 5 A4 D T
STAQI #2 2 5 | [0 )4 25 & % 8l *F- ¥ 5 5 (Auto Regressive
Integrated Moving Average model, ARIMA) | 3 £ [a] & [4] 14
(Support Vector Regression, SVR) ™ | & [ f& #& (Back
Propagation, BP)#H 2 M4 GRU #EATXT 1, Ho SVR i
LR PRI, 25T I 0. 001

1) T RIS )6 g s s T .

IS 1] 67 1 A AT A P 25 /DN ) 77 s il o i
DA T/ ) ARt s 23 OB, AT IC A (N, T) o il
FHAS [5) BE S AL X A 550 T 24 70 300 ol A7 T, S 6 4
M3 PR AR 3 AT LIS EI LR 15 4538 5 —, GRUK
TSI YA T IR E) R A A R B 3 o LG A S 2 AR (i
ARIMA \SVR . BP F80) BLAT 5 5y A9 BUWRG B2 . 5 = JE T
23 R PE Y STAQIAR AL 55 H 2% [ (8] R AE Y GRU B AL AR L AE

Hom BN ] 25 K/
5 10 15 20
ARIMA 28.36 30.58 29.21 30.24
SVR 20. 87 23.02 26.83 24.25
BP 18.65 19.25 20. 18 23.16
GRU 14.59 16. 84 18.91 20. 01
STAQI 10. 71 12.02 12.75 13.52

BEAN X F A 5T 35 A4~ BRI W Ik o, AR STl AN ) 3
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F 50U HAEXT A 1 h A S8 30 10000 Hp 4545578 A d5 0 1000
Sl OB R BOR ] (H B 25 0000 %7 120 #73 K, ARIMA \SVR
BP AR Xof 743 A5 0 ek 3 235 B0 0 BE ORI, BT
GRU RS — L[] FH T4k B [0] i 271) f18) 1R 2%, Bt 5 T30 25
B, FE A PG a5 BT AR B T ARTMA L SVR 1 BP 48
T AT STAQIAE Y . 35T I 2 1R 45 118 STAQI AR IR it T )
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Tab. 5 Statistics on the number of optimal prediction sites by

different model

o BT 5 o
1 3 5 7

ARIMA 6 2 0 0
SVR 6 3 0 0
BP 4 2 0 0
GRU 9 5 4 0
STAQI 10 23 31 35

3.3.2 EARBEALLE

R TR STAQUAFE I Hh 4% 2424 %o B A 1500 e 114 A 45k
PR A SO STAQIAR T 55 1 GON T GRU K 8 19 4 JR 2 A
(LOCAL) T LSTM #4 % 119 JR &8 21 {4 A 78 (GLOBAL) #£ 47 He
B TR EE RN 6 IR . I 6 1] LI TR [R5
STAQIAR A (1) RMSE #PHUAS e {IR A o AH AR T8 (s A0 v 4 B
BT B JR TS £ A4 AR, STAQI A% A RMSE fi K2 F % 16% .
B TR A A R AR R R 2 T s T B v ) )
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AT LTI 5 A AR T AR T R 1A SRR R DL, 28 T AR
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S HBADL s ST AR TR 3 48 i TROORG s

F6 TEEEFNA RMSE &L
Tab. 6 Comparison of RMSE values predicted by variant models

WA/ LOCAL GLOBAL STAQI
5 8.10 8. 62 6. 05

10 8.22 8. 74 6.23

15 8. 41 8.65 6. 34

20 8.53 8.73 6. 81
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Fig. 7 Comparison of prediction results of variant models for
35 sites in Beijing
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Fig. 8 Predicted results of STAQI model for Dongsi site
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