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[ Abstract] Traffic accident prediction is the analysis of past road traffic accident data and other related factors to predict the
future state of road traffic accidents.Most of the previous research methods have typically been traditional machine-learning
methods or a single deep-learning model prediction method utilizing a grid to determine the prediction space unit, weather,
road conditions, and other external factors affecting traffic accidents. However, these methods ignore the problem of zero
expansion, which leads to poor prediction performance. Therefore, this paper presents a prediction model for urban traffic
accident risk considering spatio-temporal characteristics. The Improved Spatio-Temporal Graph Convolution Network
(ISTGCN) is used in the model.First, a GraphConvolution Network (GCN) is used to extract spatial correlation features,
and Batch Normalization (BN) layer is added to solve the gradient-disappearing explosion problem.Second, Gated Linear
Units (GLU) are used to extract time-dépendent features by applying a one-dimensional convolution operation. Finally, the
GCN and GLU are combined into a“Space-Time Convolution (ST-Conv) module to extract the spatio-temporal correlation
features and the Mean Squared Etror (MSE) loss function is used to solve the problem of zero expansion of sample data.
Experimental results show that compared with the GLU, SDCAE, and ConvLSTM models, the Root Mean Square Error
(RMSE) of this model is‘reduced by 28%, 4.87%, and 4.19% respectively. Thus, this method can effectively capture the
spatio-temporal correlation and improve the comprehensive performance.

[Key words]deep learning;urban traffic accident; Spatio-Temporal Graph Convolution (STGCN) ;spatio-temproal
correlation; Batch Normalization(BN) layer
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Hot s p(e) Ay ¢ sF 200 38 38 2 5008 SEIE 5 5(2) Sk 500K
N REAR AN B T 32708 5200 Dy 1 28 5 3000 1F 28 1
FEARKH 5 F o 20 5200 1E 28 H B0 R 5288 HEA
#H.
34 ZHROWH

AR 3C S 55 #E Python3.6 Fil TensorFlow1.9 fif) 21 5%
NREAT B T R S AE L 5CE  E
AR AR JE AR AU 2R A, 2018 4500 3¢ 38 I 2 LA
T I A A T RS T A TR A gl R
FE S5 v FEEE TR LA 62 25 2 B B 9 Kl o U1 2
KUk MG 4 o 3k T TensorFlow HE 22 52 Bt
ISTGCN #E#Y [ 28 b 50 it i 3 2R B AL, B
¥ KNI R 3;GLU R 3 )2, 4 )2 Bl 8 e S Bl
128, ffi FH BN 2B 55— 1k . BALBA& 714
XoF Bl 58 38 =5 i T AR A . g s S 25 HA AR ORI A
[vi) B B S 0 DR 65 18 S 359 1 T T — B B A S R
) TR THR B9 HLES % 2 (XGBoot) B A 2 Z 2
JE SN HL (Multilayer Perceptron, MLP ) #& # [T # 9§ 24
AT M 2% (Gate Linear Unit, GLU) A2 FE52 CNN
R o B [ W [ B G i 2R SR CNINLARILLS TM AH 45 &
(ConvLSTM) #5% BRI it A 3¢ B 2 i1 A9 ISTGCN
PR
3.4.1 XFHSE bt

W AR SR RN %o AL A 0 ) L SR 4R Lk
AT T 434, 43 90 2% A% 200 YR 300 YK, BT A % L A5
YA R — $ s 4 T AT R S5 Rk iR .
2 1A LA Y, 2640 300 YT A B 4 3 0 45 51 L % AR
200 X 14, HA . XGBoot ,MLP Fl GLU $ i 1 #% {4
T A5 R L A 25, 3 S R AR ) A Al 3 S DR
SDCAE # # % HA . XGBoot, MLP il GLU4 /> % %I
V1R A T 80 SR A A, (ELAD 22 T R T i K e A
KM, ConvLSTM A% %Y [a] if 2% & T I 7] 123 [] AH 56
o AR, (EL 0 2 T B 23S AR T ) B T

U, AH 2 R, A8 3C ISTGCN AL K 7E [7] ik 2% & it
[B] 25 (8] i 25 A0 S5 & OIS, BROAS T 48 - A 000
5
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Table 1 Results comparison of different models

epoch=200 epoch=300

i Al

RMSE MAE Recall/% RMSE
4.4593 4.1776 5754
5.0154 48563 56.51
2.2379 2.1385 65.01

MAE Recall/%

HA 59423 48169 5535
XGBoost  6.1132 53867 52.84
MLP 24379 19975 63.78
GLU 22357 18341 6493 22006 2.0721 65.36

SDCAE ~ 1.6764 0.6902 66.81 1.6654 0.7024 67.72

ConvLSTM/ 1.6531" 0.6476 67.09 1.6497 0.6672 68.50

ISTGCN: "1.5866 04969 6935 1.5843 0.5238 70.29

3.4.2 HRRIZERY By

XA SC ISTGCN #5578 (%) A5 e 25+ 1 45 568 Be 49
M, 78 L s 0] 2RI 25 2 5, 0F 380 25 4 R4 7 1Ay
TN 2k o H TR B TR 2% 4K 300 Uk I ARYCR SR BT, I
AR SC 25 43 B 43 0 2 A 324K 300 WS 1 I 25
H, A5 Rk 2 o, Hoh S ST 43wl AR 3% 25 1)
ERE R R 20 LAE H ISTGCN #5171 4 3
25 K AR AT AN [6] R A FH PR B sds B AR — AR e 25 44, 15 3
B 51000 45 B # AR 25 ISTGCN #5757 H 2% ] J2 4k Bt
25 () RH O Ja P, A FH e ] 223 BB () A6 G & 1, R
I 25 45 B2 4l AR INhas AHDCRRAIE , HA X 3 ol 45 44 A1
HAEH A ef3 8 s EERE . M5 UE ITSGCN #5 7Y
PEBE , i 32 Fmd (8] 14 FE 3X — 45 bR 2F 47 1 B8 4 BT
3 T 7R A AN RIS e 45 74 I Sy st 8] 9 68 b, AR SO
Y ISTGCN SZ 8L 1 5 B A9 I 25 3 B, 78 25 BRAT 45
1) 2 J5 1 Re 2 LA AN AE , AT 3 R 45 44 4 AR AR
A RE S B B AEPERE .

F2 A SOHER) S MR BE O B
Table 2 Influence of structure of model in this paper

on prediction performance

T Y 25 Ay RMSE MAE Recall/%
ISTGCN-S 16112 0.6317 68.76
ISTGCN-ST 1.5910 0.6105 69.12

ISTGCN 1.584 3 0.5238 70.29

x3 HEBEIZGRERERE

Table 3 Training time consumption of data sets H.{i :s

BRI 251 I [1] 7 #E
ISTGCN-S 142251
ISTGCN-ST 1208.34

ISTGCN 1137.11

3.4.3 S R B B

43 5 3 A [R] J0E pR R TE AR TR M i 2k 4R
UCELIE £ 300 WX, X EL FE B0E PR AR RT EOE eRERS
T BN JZ (4 A8 Ak, 800 oA E5O6 AR TR 00 14 B 1Y) 52
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BERMFAN /R, MEATLUE B, GBS R ECH
ReLU F4 i fis , T 00 P4 BE & AR 4, e BN JZ A i
PRS0 HT FE N AE ST oA R R O A R TR O A8
FRUZAE #EAT BN 4R A1 I, 25 JB0H 0 A1 7 46 52 191X
6], 35 ReLU pR KCFF BE A7 980G B4 I, 4 22 50 2% 16 1Y
AR 2T B, LR B AT 2 B R B2 Y £ 71

R4 BIE R B BTN M BE B9S2 00

Table 4 Impact of activation functions on predictive

performance
" 1E BN J2 2Z 1 fEBN 225
O PR
RMSE MAE RMSE MAE
Sigmod 1.586 2 0.529 4 1.588 3 0.5311
Tanh 1.584 9 0.526 6 1.5879 0.528 1
Relu 1.584 3 0.523 8 1.5857 0.526 9

WA SEAE ReLU RS £ 17 BN #:4F , ReLU pR %K
PO I B EB A AR ZEoG 2 R , 2 5 BN #AERT A 4850
B gk kb BRI AL RE T FRAR . R 4 dn] L
& th ReLU RACAE BN 2T 5 1922 1L IF %A Sigmoid
Tanh B AU fL K, X J2: i T BN JZ7E ReLU BR LT PLLL
1k ReL U pREICHE i by A= FRAE SR BEAE FS T4 AELTY
Oy A LT T2, I ReLU pR AT DU B2 n )
AR T, HLN 25 Hh B A A 4 0 e O il — il o {H i SR
# BN #4E 7 ReLU PR o , #5005 pR 2 2647105
— AL RE A M R IE T — 2 B AR M, RElE T
— 2 T (B B[R] 55 B RN AR o e RSO
P 28545 T o ReLU & BURCTE BN RIS 19 22
SN AR AL TRIAS [l 528 i A7 X1

4 HRIE

AR S Y — b 5 T B R 2 B 58 3 S XU
TROASE A | D) 22 U5 S 4 B VR A A L 4 0l 3 T A )
BRI fE] 5 ARE 0 23 2 R Ab BEOR ] 25 0 1Y
FRAE , 4 b B 5 9 B R A DF 12 00 588 1 KR, Tkt
AR 2 R FAE 22 18] 9 A0 A s i
— AN B B i 232 38 XU o A 25 1A BUZ R A
BN JZ , fift ke Bf J3E K58 K 0] 550, 1 F MSE 484 2k bR BOK fift
DRSS M 1) A S B SR A S G G
&M, 5 GLU,SDCAE, ConyLSTM % %I 4 I , i%
155 Y fY) RMSE 48 45 43 il BEAIX 3.28% . 4.87% . 4.19% .
T — 2 A W 2% 25 H A S 80 o R T AT
R ZE A RO DN S0 F P A R | R R R Y i
A7 38013 TR G
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