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Vehicle behavior detection method based on CNN and LSTM hybrid model

WANG Shuo, WANG Yansong, WANG Xiaolan
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to solve the problem of low vehicle behavior recognition rate and poor real-time performance in complex road
environment, a vehicle behavior detection method based on CNN and LSTM hybrid model is proposed. Firstly, the YOLOvV3 target
detection algorithm and Kalman filter are used to detect and track the vehicle target in the forward vehicle video in real time, and
obtain the target size, position, trajectory and other information. Secondly, the feature information detected by the tracking is input
into the LSTM network to establish a time series model. Finally, the paper identifies the behavior of the vehicle ahead. The
effectiveness of the proposed method is verified by experiments.
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Fig. 2 Forward vehicle trajectory
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Fig. 4 Forward vehicle behavior recognition model
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Fig. 6 Forward vehicle behavior recognition results
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Tab. 1 Vehicle behavior recognition results

T4ATH TR A R b R/ %
HAT 58 94.8
it 37 91.9
fikk 36 88.9
i Sicl 45 93.3
FAETE 38 89.5
ZeUIA 44 90.9
HiIA 42 92.8
4 ZERIE

ASCHEH —FHEE T CNN 1 LSTM TR A ALY
BT ORI J7 vk B eI 2k YOLOV3 [0 28 458 28
FYRTI7 A0, AR5 ] Kalman 895 BRER G 4=
5 B 5 2k LSTM. [0 5 AS IR Xk 44 1 by A7 A8t
SERCATTT AT RG] SEER SR AR AR FiT T
LIS S U AT A B R R T R 2 44, B
S AR SCRIWT AR A B R R R AT R R PR, T
— LI N CTE B A AT oA R R TR
BT 447 1
&% ik
(1] (P EA B R ZidE a8, B TR AR PR SR - 2017

[J]. AR, 2017,30(6) ;1.

(2] SkHE, TR, AFAE, 55 B R IR LB AR I
JE[T]. AR, 2017, 38(4) : 794.

[3] KASPER D, WEIDL G, DANG T, et al. Object - oriented
Bayesian networks for detection of lane change maneuvers|[J].
IEEE Intelligent Transportation Systems Magazine, 2012, 4(3)
19.

[4] REGINE G, DEUSCH H, SEELIGER F, et al. A learning concept
for behavior prediction at intersections[ C]//2014 IEEE Intelligent
Vehicles Symposium Proceedings. MI, USA:IEEE, 2014; 939.

[5] BER, U, TFAE, & T FHAT U0 R s
RGE[T]. AR R A (A ARBISEM) , 2015,43 (S1):
117.

[6] RUMELHART D E, HINTON G E, WILLIAMS R J, et al.
Learning representations by back —propagating errors[ J|. Nature,
1986, 323: 533.

[ 7] HOCHREITER S, SCHMIDHUBER J. Long short—term memory
[J]. Neural computation, 1997, 9(8); 1735.

(FHESS 239 )



