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A Study for Development of Expressway Traffic Accident Prediction Model
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ABSTRACT

In recent years, it has become technically easier to explain factors related with traffic accidents
in the Big Data era. Therefore, it is necessary to apply the latest analysis techniques to analyze the
traffic accident data and to seek for new findings. The purpose of this study is to compare the predictive
performance of the negative binomial regression model and the deep learning method developed in
this study to predict the frequency of traffic accidents in expressways. As a result, the MOEs of the
deep learning model are somewhat superior to those of the negative binomial regression model in
terms of prediction performance. However, using a deep learning model could increase the predictive
reliability. However, it is easy to add other independent variables when using deep learning, and it
can be expected to increase the predictive reliability even if the model structure is changed.

Key words : Traffic accident prediction model, Deep learning, Traffic safety, Safety performance
function, Negative binomial regression model
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Research Plan Literature Review Data Collection

+ Establishing research purpose . . .
» Establishing research scopes Lol " Reviewing related theories . g:::'t;ﬁl:iﬁm
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Validation Methods Model Development Conclusion
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(Fig. 1) Research process
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hidden layer 1 hidden layer 2 hidden layer 3

input layer

(Fig. 2) Deep learning network structure
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(Table 1) Result of basic statistics for all variables

Variable Mean Standard deviation Min Max
Accident 6.39 7.49 0.00 87.00
Conzone length(m) 7,379.37 5,408.78 110.00 30,790.00
AADT 31,948.58 26,720.75 542.00 118,601.00
The number of drowsy rest areas 0.11 0.31 0.00 1.00
The number of rest areas 0.18 0.39 0.00 2.00
Design speed 103.27 8.81 80.00 120.00
Limited speed 101.02 6.56 70.00 110.00
The number of lanes 2.56 0.83 2.00 6.00
Side lanes 0.03 0.18 0.00 1.00
Entrance control segment 0.00 0.06 0.00 1.00
Bus-only lane 0.04 0.20 0.00 1.00
The number of tunnels 0.15 0.95 0.00 15.00
The number of bridges 4.68 421 0.00 23.00
The number of facilities 547 6.85 0.00 41.00
Curve radius 851.50 1,264.14 0.00 27,547.27
Vertical grade 0.01 0.54 231 3.01
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(Table 2) Estimation result of negative binomial regression model

Variables Coefficient Standard Error p-value
Constant -13.704™ 0.745 0.000
Conzone length 0.894™ 0.048 0.000
AADT 0.812™ 0.055 0.000
The number of rest areas 0.144" 0.080 0.070
The number of lanes 0269 0.053 0.000
Bus-only lane 0.460™" 0.156 0.003
The number of bridges 0.017" 0.008 0.034
Summary Statistics
Number of observations : 781
Number of variables : 6
Log likelihood : -2077.2
AIC : 41684
BIC : 47518

Note: ““significance level 0.01, “significance level 0.05, “significance level 0.1
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(Table 3) Learning and test cost for hidden layer and node scenarios

Hidden Layer 3 5
Node 15 25 50 75 100 15 25 50 75 100
Eacy 335 2.87 2.65 2.46 248 2.85 2.66 237 2.17 1.88
HXE 2.77 2.86 2.88 2.83 2.85 2.83 2.87 292 297 3.05
ZFol 058 | -0.01 0.23 0.37 0.37 -0.02 0.20 0.55 0.79 1.17

E3h F5E 2y A5E =o|7] Y8l vl &<(cost function), optimizer, W] X] AFO]Z, epoch 52| I}
HHE 79 At HE FrEE MADE AAstlon, St HolE ¢} Bl2E tlo]HE Brtsk=t AHE-
H A, Optimizer2+ Adagrads A4 sATE 8h<5E(learning rate)S Q3| 7HAA Sh5& 2dst= A3
7O R SEFES Z7ov A Aot AHAk 27te EE A& on, HA s wmEA & 5

ST A7) AT Bach size B epochs WFE BAS Fo) 2aol FATHA B AAaA,

(Table 4) Parameter sets for deep learning model

Parameters Values note
Cost function Mean absolute deviation
Optimizer Adagrad
Batch size 5
Epoch 5,000
055 045
050
RZ 040 —m=Epoch 5000 R? 035
035 i Epoch_2000 5
020 Epoch_1000 o
025 025
- 5 0 50 00 - 5 0 50 00
Batch Size Batch Size
(Fig. 5) R? by batch size in learning data (Fig. 6) R? by batch size in test data

S A3t A8l G4 AAdE 295 39 =2 250 E e =
il 3 §]§ 288 XAASA HQom, sk coste H|AE costd Zolrt AL AL
A3}, 25-15-6 28] &5 coste} HIZE cost] ZHol7F 0072 UERY HF mgoz A

22 RrRTSYY =N M7, M4=2(2018H 88)
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(Table 5) Node structure selection result

Node Scenari
oc S Learning cost Test cost Difference Selection
Hidden layerl Hidden layer2 Hidden layer3
25 25 25 3.07 2.78 0.29
25 50 25 3.00 2.85 0.15
25 12 25 3.15 2.82 0.33
50 25 12 3.00 2.84 0.16
12 25 50 327 2.86 041
25 15 6 2.59 2.52 0.07 Selected
°°-::‘;::Q" S Q 00
: <) : A : frequency
lanes AVA ) /
Bus-only: / -~ Q A Qi 7; ! O
srdges . Q Q N Q
fnput taver ayer 1 tayer 2 Tayers. Saver.
(Fig. 7> Deep learning network structure
3. 2 M5 Hw
Sold IARYY | HYozZ 72H F 2L HZE HolHE ]85t A4%5S vnstth <Table
6>l HQl npe} o], | Hd& o] &3 o A}Jl A4 o553 o] MAD, RMSE, SMAPE R0l A -3}
A YeRg Tt 33E MAD, RMSE, SMAPE #to] W mgo] 9-43lttal & 4 9tk MADS 4% 2522
=ol3 3|FARF) v J g EFo| 027 WA UEROH, RMSES - 3430% Jo|3 3R
Hs) 2 2d 2&o] 024 YA UERTE SMAPES] 4= @ #d 2ol 001 B WA Yelgth Xdﬂyio

z2 4 34 ?%‘91 ol wold A=yl vl

o] @72 BerET,

S-g3h Abol HHE A0 R YERton, ol HlolH

(Table 6) Comparison result between negative binomial and deep learning models

Model MAD RMSE SMAPE
Negative binomial model 2.79 3.67 0.22
Deep learning model 2.52 343 0.21
Comparison 027 0.24 0.01
=3 gold AR § B ZF o AA Andget g5 AndsE Blasty] g H2E HolH
of HA AnAFet AF AnAFE AZE sto] vwatGth vl Ad, { 2d B3] A 2ol 37
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(Fig. 9) prediction result by deep learning

(Fig. 8) prediction result by negative binomial
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