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Abstract: [Objective] To improve the accuracy of predicting the severity of traffic accidents and clarify the key in-
fluencing factors of traffic accident severity.[Method ]Fourteen factors related to people, vehicles, roads, and envi-
ronment that affect traffic accident severity were selected from 885 road traffic accident case data, and a traffic acci-
dent classification prediction model was constructed using a convolutional neural network with channel attention
(CA-CNN). On this basis, the significant influencing factors of traffic accident severity were analyzed using the
method of marginal utility.[Result] The results show that compared with the 6 prediction models such as convolu-
tional neural network (CNN), random forest (RF), NaiveBayes, logistics regression (Logistics), decision table (De-
cision_table), and bagging algorithm (Bagging), the convolutional neural network model with channel attention fu-
sion has better overall prediction performance in terms of accuracy, precision, and recall, etc. Among the influenc-
ing factors of traffic accident severity, the season, whether it is a workday, road type, accident type, illegal lane

change, failure to yield, and improper braking have significant effects (p<0.05). [Conclusion]CA-CNN is an effec-
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tive traffic accident severity prediction model, and the analysis results are helpful in reducing the incidence and se-

verity of traffic accidents.

Key words: traffic safety; accident severity prediction; convolutional neural network; channel attention; causa-

tion analysis

Citation format: YAN L X, HU X H, LIU Q M, et al. Road traffic accident severity prediction and causation
analysis[J]. Journal of East China Jiaotong University, 2024, 41(5): 65-73.

(B8 SC AR A THE L T34 4 40 A 1142023 4F
AERIA G AR O ) L 2021 AR 2 BR A 119 )7
N R IE [ 223 e T M S TR 10 T AP A 15
NBCF 1 % A3 i, T8 i Al O AR 5 & 29
B BEN AT E B R N 2 —1, ARk K
IR E LUk S I PG & R IR Ak K T 1 AN
P, B A T R SUR YT 9K SR JCEEXT H 25 IR
(2838 L A TE SR T R kAR . PRI, #8528 5E
SR E R T A, B SR O™ AR Y
KHE R PR X 4R v A B R KO B

(Bt J7e R ko o, Z i bl B e
FI BRI WG B R AR RS i I
T 1 1] 1 25 7 SRR A 118 2 R b S s =
TR AR TR CTs SR X AT ok g Fe o0 I e
% 2 38 0 A A R A B T M A R AN R
Sun 55 FH gl 285 D17 X 45 A PR 2R = 0 & A i 2
G B R P SO A RSB T 76.4%1
TR BE o PMIFF SR C5.0 PUSR M ik i @ sg
08 ™ AR AR | DL AR = 2N
DR 8 B R A T, 0 4 6 2R3 501 R 70% 1 61%
Parsa 55 1R FHARE 5 b 28 ) 265 (PNIN) 4] 452 764 F LA
I A 38 ) K A T R L A 0 O T
AR T SZFE I EHL(SVM) o Vaiyapuri 257 L5
T 22 2B 32 g [n] V2 RN K e T A0 A kA S ™
AR F AR RE , I 22 R AL Y TR B
T HAMR D . 6k E RS A i)™ E
JEE TS AR (%) T AR FEE I 30 2 S HA 2 B
BRI TR AT, LA 2 R R A A 34

T A8 38 2 0™ R SR e AT AU A A
ZE i AW I B ML AR MR A A T — > TR A
Y ZATRLEE 22 ANRRAE PR 290 A5 TR LA T = ™
HEARE U LB, R SRR 2 5 L E
% 0 3 o 8 2 AR A6 DR B s ) A7 4 7 R P I

BRI E A1 /NPREESE T 26 [F 2% BOR M Wayne B
Y AR G SR, i 0T Logit B HT T
SN LA 0 e E A R 2K Jalayer S5 R
AHEBEHL S ECH JF Probit BIAY , 5835 T 25 3 5 4%
2 I A% 2 38 T O™ FE 1 1 R K el S s
FHSCATZE R AR B BT H A5 R [ 28 38 S B0 A
o v B SO R AR 5 DL AT 4 SR R 2 B
Bk LR A EA Y R R B E S E
FEEA . BRET, XTI LA IR R 20 288
FEHO™ FME ST 0 T E— 2D R, R R 25
FEAENE RN R E L XSRS
HOEHE A S B R

(BT e | 7 B i OC T 2838 F 0™ E R R 1
i gE b W A 2ok A s s A B, X H R T IX
T 8 A 1 A T AR A Sy T SR I I S
P, AR SCa5 BT 9 5 ] DX 3k i 2 Jhf A 30 S ORI
BLAR 2] T3 ik O 2 70 18 i 52 38 = e ) Fot i v ik /s
R A 1 o FH T 55, A8 SOR F el itk B BRI 45, 15
SR BT & 2 A RE ) T SR Y A8 38 O™ AR
JE FRUMAR Y

[ S5 a) & | R A5 2838 il 595 I N %2
GBS MR ERERZBIME LR KT
At FOUIN =l 1) ™ AR A OGO O™
B W E A R NHETHE R 2K,
DA A A E R A7 A 2 A UK 1 i S A
17, B 2C 30 L R 2D 3 9RS ARN 58 38 &
A VIR EAA EE AN A
1 BB EANEE

MR A ZER 2017 AF-mi AR Y Il % A8 38 S b 7
TP HILAE ) , 18 K AC 18 % S s ™ B F2 B T
Phay ok JET S0l A N ORI P4 e il AR
AF 5T 35 FH 730 M e el X —4F [ 22 3 = o8 stk 1 742
P 3T , 2t TAL B4R B A RCEE 885 4%, A5 A



%5 53]

FER R, A I S ™ R R T B R B 67

PEFEARHIE | W 280 g™ SRR FE S R o
T Mg R AN AR, Hirp iR
TS BT 1 i A28 B W 7 4 2R AH i N DU
BEBRST T S — M HOR AR ARG P A DN
U RCBT SFE E R YT T I
s R HBURTE S MOR E S B O BB T
s 1 H NEGAIG L

RS EFHOC A & 3FPRAAELE O F
HOR P 5 Q) SRR ; B REERAE ; B R A
FEE I 5L G BT 3 YRR AR L R
FG PTG AR S OB S A IR RRAE AL 45 ik
KAL) b E BRI AR . DL B 2O R
S % B PR (gender) VA #4 B (age group) (271
(season) &7 TAE H (weekday) \Fif [H] B¢ (time peri-
od) . % 18] 1 I (pavement condition) | i& [ 2 7l
(road type) . H (¥ % (accident pattern) | Z=4#i 25 7Y
(vehicle type) . i¥ Jz 32 38 {55 & (traffic signal viola-

tion) . i 1522 B 434 (illegal lane change ) . AFEHLE
iE 47 (failure to yield) . il ) A 24 (improper brak-
ing) . AE AL 3)) %17 (non-motor vehicle retrograde)
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FIRRE N R AE R A AR G 5 & B g &
W2 ARG EARE AL PR 7 vk 3 85 AT, AN
AR SRR B TP RE . PR, AR SER A T
— iRl 38 A R ) A R 22 ) 4% (convolution-
al neural network with channel attention, CA-CNN)
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Tab.1 Variable analysis and frequency statistics
Variable Definition Symbol  Ratio/% Variable Definition Symbol Ratio/%
I=male Gender_1 71.1 1=collisi ith
Gender - CO. sion ?Vl a Shape 1 69.4
2=female Gender_2 28.9 moving vehicle
1=29 years old and younger Age 1 28.4 |Accident pattern  2=vehicle and non- sh 5 53
. . ape .
R 2-30 to 39 years old Age 2 39.0 motor vehicle accidents ~ P~
e grou
ge group 3=40 to 49 years old Age 3 17.4 3=other accidents Shape 3 24.8
4=50 years old and elder ~ Age 4 15.2 1=non-motor vehicle  Vehicle 1 32.0
1=spring Season_1 54.0 2=car Vehicle 2 53.1
S 2=summer Season_2 1.7 |Vehicle type 3=passenger car Vehicle 3 10.2
eason
3=autumn Season 3 0.9 4=truck Vehicle 4 23
4=winter Season_4 43.4 S=other Vehicle 5 24
1=workday Weekday 78.3 |Traffic signal 1=yes R 1 9.3
Weekday L
0=day off - 21.7 ||violation 0=no - 90.7
1=[0:00, 6:00) Time 1 1.1 1=yes R 2 9.1
. Illegal lane change
. .~ 2=[6:00, 12:00) Time 2 34.5 =no - 90.9
Time period .
3=[12:00, 18:00) Time 3 36.1 . . I=yes R 3 21.5
) Failure to yield
4=[18:00, 24:00) Time 4 28.3 0=no - 78.5
b 1=dry Condition 1 84.5 | braki 1=yes R 4 12.6
t mproper brakin,
avement ) slippery Condition 2 153 | TP £ 0=no - 87.4
condition
3= others Condition_3 0.2 |Non-motor 1=yes R 5 6.4
1= ordinary road Type 1 66.8 |vehicle retrograde (0=no - 93.6
Road type 2= three forks Type 2 7.6 I=minor - 33.8
Accident
3= four forks Type 3 25.6 ) 2=general - 37.5
severity
3=major - 28.7
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Fig. 1 CNN structure diagram
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Fig.2 Channel attention mechanism module
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Fig.3 CA-CNN network structure
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Tab.2 Comparison of the confusion matrix

of each model %
Model Acc@ent Minor  General Major
severity
Minor 65.5 10.3 17.2
CNN General 8.3 86.1 5.6
Major 17.4 13.0 69.6
Minor 72.4 6.9 20.7
CA-CNN General 8.3 88.9 2.8
Major 13.0 8.7 78.3
Minor 67.7 9.7 22.6
RF General 3.7 96.3 0
Major 16.7 10.0 73.3
Minor 58.1 6.5 35.5
NaiveBayes General 3.7 92.6 3.7
Major 233 13.3 63.3
Minor 61.3 9.7 29.0
Logistics General 7.4 92.6 0
Major 16.7 133 70.0
Minor 54.8 12.9 323
Decision_table General 11.1 88.9 0
Major 16.7 133 70.0
Minor 51.6 9.7 38.7
Bagging General 11.1 88.9 0
Major 233 16.7 60.0
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Fig. 4 Overall evaluation index of model prediction effect
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Fig. 5 Model prediction effect TPR and FPR
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Fig. 6 Evaluation indicators of model prediction effect of
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I[P Precision {H Fl Recall {E 4351} 0.796 #10.799,
V8 5 T Bagging B Y 0.651 F10.659, 43 Sl & 1
0.145F10.140, 38 K245 22 3%F121.2%,

HH LA b 40 B AT T, DA (A 30 5 2R - CA-
CNN B —Fi 5 b i S i il i Ass 78 | LA
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33 SEHLMKRE
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Tab.3 Multicollinearity test of independent variables of
accident severity

R4 BT Logit B SH it

Tab.4 Parameter estimation of multivariate Logit model

Variable Std. Err. P

Gender 0.054 0.679
Age group 0.024 0.287
Season 0.017 0.000
Weekday 0.058 0.006
Time period 0.030 0.417
Pavement condition 0.065 0.407
Road type 0.030 0.050
Accident pattern 0.020 0.000
Vehicle type 0.030 0.204
Traffic signal violation 0.088 0.323
Illegal lane change 0.090 0.000
Failure to yield 0.065 0.000
Improper braking 0.078 0.011
Non-motor vehicle retrograde 0.106 0.410

Variable Allowance VIF
Gender 0.945 1.06
Age group 0.965 1.04
Season 0.874 1.14
Weekday 0.986 1.01
Time period 0.963 1.04
Pavement condition 0.973 1.03
Road type 0.841 1.19
Accident pattern 0.909 1.10
Vehicle type 0.849 1.18
Traffic signal violation 0.851 1.18
Illegal lane change 0.837 1.20
Failure to yield 0.789 1.27
Improper braking 0.846 1.18
Non-motor vehicle retrograde 0.838 1.19
RIS,

i 22 LA MERR T — > 8 s 2 0 22
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UL SR AT L Y 50 2838 50k A B
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Tab.S Marginal effect results

Variable 29y he S Bz Pl
category
Minor 0.235  0.022 10.57  0.000
Season 1  General 0.007  0.024 0.29 0.770
Major  -0.246  0.022  -11.40 0.000
Minor 0312 0.102 3.07 0.002
Season_2  General -0.100  0.091 -1.10  0.270
Major  -0.166  0.108 -1.53  0.126
Minor  -0.055  0.030 -1.85 0.064
Weekday  General -0.033 0.026 -1.26 0.207
Major 0.090  0.031 291 0.004
Minor 0431  0.042 10.22  0.000
Type 1 General -0.467  0.021 -22.73  0.000
Major 0.406  0.041 9.84  0.000
Minor 0.222  0.069 3.21  0.001
Type 2 General -0.160  0.039 -4.05 0.000
Major 0.160  0.061 2.64 0.008
Minor 0.101  0.034 3.00 0.003
Shape 1 General -0.132  0.028 -4.76  0.000
Major 0.073  0.038 1.91 0.057
Minor  -0.433  0.104 -4.14  0.000
Shape 2 General -0.086 0.049 -1.74 0.083
Major 0.398  0.055 7.23  0.000
Minor  -0.138  0.079 -1.75 0.080
Shape 3 General -0.086  0.064 -1.34 0.179
Major 0.261  0.065 4.02  0.000
Minor  -0.127  0.042 -3.02  0.003
R 2 General -0.111 0.045 -2.48 0.013
Major 0.196  0.036 5.37 0.000
Minor  -0.171  0.036 -4.78  0.000
R 3 General 0.011 0.029 0.38 0.706
Major 0.138  0.030 4.55  0.000
Minor  -0.063  0.038 -1.67 0.095
R 4 General -0.030  0.035 -0.86 0.393
Major 0.107  0.037 2.90 0.004
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