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Night Vehicle Detection Algorithm Based on YOLOv5s and Bistable Stochastic Resonance

HU Pengfei' , WANG Youguo' * ,ZHAI Qiging' , YAN Jun® and BAI Quan'
1 School of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract Aiming at the problems of missed and false detection caused by weak illumination during night vehicle detection,an im-
proved night vehicle detection algorithm is proposed based on bistable stochastic resonance and YOLOv5s. YOLOvV5s is improved
from four aspects,replacing small structures in Backbone and Neck to improve the detection ability of the network to small tar-
gets. A dual attention mechanism composed of coordinate attention CA and energy attention SimAM is added to improve the fea-
ture extraction ability of the network to the target. The lightweight backbone Fasternet is adopted to reduce the amount of model
parameters. The WIoU loss function is used in Head to accelerate the convergence speed of bounding box regression loss. The ef-
fectiveness of the nighttime vehicle dataset is analyzed from quantitative and qualitative perspectives by using classical bistable
stochastic resonance,and the enhanced nighttime vehicle images are passed into the improved YOLOv5s network for training. Ex-
perimental results show that, compared with the original YOLOV5s, the night vehicle detection algorithm combining improved
YOLOV5s and bistable stochastic resonance has better accuracy and lower missed detection rate when performing long-range
small targets and densely occluded night vehicle detection tasks.

Keywords Bistable stochastic resonance,Low-light image enhancement, YOLOv5s,Dual attention mechanism., Lightweight back-

bone
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Fig. 1 Algorithm flowchart
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Fig. 2 Function of bistable stochastic resonance
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Fig. 3 Schematic diagram of the transition of superdamping

Brownian particles between bistable wells
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Table 1 Results of evaluation indicators
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HE 6.8151  0.0789  2.4254
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MM ALER 20,6092  0.6042  3.7711

B3 1 7] %1, HE % 3% . MSRCR % % (9 PSNR 1 SSIM
EERAR /N o U8 BT 38 53 5 0 PRS0 AR 25 L 5 B4y R 5 40 4 A )
PR BEARAR 5 1t A AL 3 9% 14 58 J5 09 PSNR F1 SSIM {H A X %
R PRBLT BEAL AL B 4 58 L MR A . EfE B M FOR AR
B2 0 R X O Y SRR R fE B, M R
B X Y $REERME SRR, BB SRS 09 B R 40T {5 B
£E., # 11, HE Al MSRCR # 38 J5 (9 & 1% MI {8 A7 4 &
AN UL B R S R R A 1 5 R R R T E ., N T REAL IR
PR T BURR | DU RS bt HL AL R 1 a5 A9 R M (R A S 4k
& 4 ) B F (o) B AR B A 5 BE B A1 b, BURR B L 4
F) M A B K T DU e Bl ML 3G R L Y (b)) 31 TR 4% 3 1 5 3 4R
I, DU RS B ML A ML (R I R T XA B AL L 4%

2 MR AN

Table 2 Results of evaluation indicators

(a) (b) (€]

HE 0.00297 0.00389 0.00261
MSRCR 0.00315 0.00331 0. 00244
M 34k 0.00319 0.00239 0.00234
R XK % 0.00255 0.00217 0.00229
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Fig.5 Diagram of improved YOLOv5s model structure
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Fig. 16 Comparison chart of stochastic resonance ablation experimental results
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