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Abstract

Self-driving vehicles need to pay close attention to the driving status of the preceding vehicle
when following, so as to take driving decisions such as acceleration, deceleration and braking. The
existing behavior prediction model does not consider the coupling relationship with the leading
vehicle, and the continuous perception has certain limitations. Therefore, this paper proposes a
prediction model of vehicle driving behavior based on machine learning and bi-directional time
series data. The model senses the leading vehicle in a lightweight manner and introduces an opti-
mized attention mechanism to solve the false detection problem of frequent occlusion of following
vehicles when the traffic flow is dense. The two-dimensional behavior vectors are extracted and
input into the two-layer prediction model in the form of two-way sequences to predict the change
trend of following behavior data more accurately. The experimental results show that the pro-
posed model has 84.56% perception accuracy and 80.37% recall rate, and the average time per
frame is reduced by 4.95 ms compared with the benchmark model, and the prediction accuracy of
the leading vehicle behavior is higher, which can provide effective driving decision for following
vehicles.
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Figure 1. General structure of VDBP
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Figure 2. Depthwise separable convolution structure
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Figure 3. The basic residual unit ECSK-Residual
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Figure 4. Advanced attention mechanism structure
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& 7. PvVP B LA TIERIZ

4. EWERE SR

4.1. BIRERINGAT

A SRR R ] PyTorch HEZR$4 7, #:4F & 4t v Ubuntu18.04, GPU > NVIDI RTX 2080Ti ({17 11 GB).
T S AUIE YOLO-SA Farilll 946 (A5 25tk , AR SCIEBEA FFHdE S KITTI [12]-Object #EATHEALIZR. %4
e 7481 MYIZREE A 7518 NG, BT A R 3 R B IR AE 9 png A% =X, TR B3 Hictis 5 v e
PR Car, Van, Truck. Tram PUMZEENAHSCEA], JF HXHE G5 #2 1242 x 375 (¥ UG MR A2
HGRTRAL B . YRR Adam R4S, WEE 1% 0.001, HATHZ SIS0, FMAECH 0.1,
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Figure 8. Detection results of vehicle object by YOLO-SA
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Table 1. Comparison of algorithm performance
1. EIAMEERTEL

ks REMEH
YOLOvV3 % \ N N N
SKNet
ECSKNet V V
REET] 73 B AR Y y
K 72.31 78.29 80.85 69.04 84.56
FERCIES 70.10 76.64 77.09 70.82 80.37
S 543 ORI (ms) 64.38 65.22 64.93 57.79 59.43

H7 1 A&, 76 YOLOV3 5] NS0 e if3E = S bl ECSKNet M L HERE A YOLOV3 5 {0i&E H
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6.59 ms. ZiE AT A SRR K YOLO-SA FEAG I HE R M 5 S e B3 ANEE IR B, 038 B R 5
IS FR LA I
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N ReLU i ek Bk S2 fif S5 S5 8 it BG83 2 1) )

FETFIN 38 53356 BUR FH tanh 34075 B8 5044 48 GRU FEEREAL R A ReLU 1) GRU B 5 A w42 HY PVBP
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Figure 9. PVBP algorithm model prediction results grape
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Table 2. Comparison of model prediction performance
72 2. TN RERTEE

T RMSE MAPE ERESEO)
GRU + tanh 2.26444 5.8910 157.22
GRU + ReLU 1.84814 5.7232 203.19
AL 1.11170 5.3184 194.52
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