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Abstract Car accident prediction is an important problem to study for avoiding the accidents. Previous
studies make the prediction for a car based either on macro factors such as geography, environment
and traffic or on micro factors such as car and driver behaviors. There is rarely a study combining the
two types of factors because it is difficult to collect the two types of data at the same time. However,
car accidents usually result from both of the two types of factors. In addition, the current researches
predict whether an accident will happen or not. There is rarely a study providing a more accurate
accident probability because there is no probability label for use in the collected data. However, such a
probability is useful to notify the driver in different warning levels. The OSU(Ohio State University)
accident dataset of macro factors published in 2019 has some identical characteristics with the FARS
(fatality analysis reporting system) dataset of macro factors and SHRP2 (strategic highway research
program 2) dataset of micro factors, and thus provides an opportunity to fuse them. Therefore in this
paper, we obtain a dataset of both macro and micro factors. In the dataset, accident data (positive
data) is fused from the OSU and FARS datasets, as well as Sim-SHRP2 (simulated strategic highway
research program 2) similar to the SHRP2 dataset, while safe-driving data (negative data) is obtained
by ourselves driving a car. In addition, since the obtained dataset does not have any probability label,
we also design a probability-level unsupervised deep learning framework to predict the accurate
probability. The framework iteratively generates accurate probabilities from the obtained dataset, and
is trained with the generated probabilities. The experimental results indicate our framework can

predict car accidents with the obtained dataset sensitively and accurately.
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Fig. 1 Tllustration of data fusion process
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Fig. 2 Tllustration of the deep learning framework process
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Real-time vehicle information

D

Real-time speed: 30 km/h
Acceleration: 1.3 m/s?
Driven distance: 15.3 km
Steering angle: 5°20'

Temperature: 18.74 °C

Humidity: 45 %

Altitude: 443 m

Air pressure: 100845 pa

Fig. 3 Snapshot of the car sensor
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Table 1 0/1-Level Results with Various Numbers of
Hidden Layers

F1 FREBERBEER 0/1 RAER

et 78 2% Recall Precision Accuracy F-score
1 0.862 0.713 0.809 0.808
5 0.887 0.709 0.812 0.814
10 0.933 0.730 0.821 0.836
15 0.947 0.732 0.819 0.839
20 0.941 0.732 0.822 0.840
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Table 2 Probability-Level Results with Various Numbers
of Hidden Layers
R2 TRYERBENBRRINER

Fet 7 J2 Ik Ia Iy
1 3123 2100 199
5 6735 7476 302
10 9441 12743 5334
15 9532 12005 5144
20 9423 12801 5256
2.3.2 AR ZERREN LA

® 3 TAEANREARECT A IH B
HEZRTERE ARG B 45 R AR AR B T 4 I, 1%
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Table 3 Probability-Level Results with Various Numbers
of Iterations

K3 FARERRBOMEZANER

AR Ik I In
1 3022 2317 202
2 6045 2299 214
4 9644 13016 5193
6 9502 12 887 5068
8 9522 12988 5197
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Fig. 4 Decrease of loss with various learning rates
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24 HERBRIBER
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EFAZAES A AUC {H % F CDNN &k,

Table 4 0/1-Lvel Comparison Results to Different Methods
R4 FREFAEHO RHER

Bk TP TN FP FN Recall Precision Accuracy F-score
CDNN 28458 16928 17072 1542 0.949 0.625 0.709 0.664
CCNN 26586 22139 11861 3414 0.886 0.691 0.761 0.724

deep-SVDD 28225 22369 11631 1775 0.941 0.708 0.790 0.808
A SCHEHL 29368 23 144 10856 632 0.979 0.730 0.821 0.836

FEJoES

CDNN#i% (4UC=0.6933)

Fo e CDNN%Li%: (4UC=0.8135)
02 deep-SVDDE%: (4UC=0.8739)
— ARHELE (4UC=0.9342)

0 0.2 0.4 0.6 0.8 1.0

LS
Fig. 5 ROC curves of the different methods

K5 ANETJTEM ROC #iZk

Bl 6 FHF RIS T A SO $2 1 HESR 5 CDNN
vk (CCONN 5 ik MR IR deep-SVDD 5k 4 R 2%
B 2555 A B IE A L X HESE S k-means BT
F1 autoencoder # H A 5 Z A [7] A9 A 5% . 1 5t 2
Uk IZHESR AT DL B30 H B o A A ARE R (L AR 0 b, R
 CCNN % (deep-SVDD FIE ML MESETE 0/1 2K
G b A P e AR AR, R 3% HE B 7E ME R G0 AR
F CCNN & Hl deep-SVDD & 1.

3 REERE

A SCHE S it S OSU, FARS %04 £ , SHRP2
e 4 4> A M 1) B9 Sim-SHRP2, DL K [ © 2 3%
B AN T — A o8 B G S OB AR A FRAT
T T — > HE 23 G000 4 T Wi B % B 2 > HE 2 ok il

538
%I
(munE
N
Tt
}ﬁ/

autoencoder

k-means k-means  autoencoder

T
NS

Ty
N7

X
k-means  autoencoder k-means  autoencoder
Fig. 6 Venn diagrams of prediction results among

the different algorithms
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