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Detection Method of High Beam in Night Driving Vehicle

GONG Hang and LIU Pei-shun

College of Information Science and Engineering, Ocean University of China,Qingdao,Shandong 266100, China
Abstract Managing the illegal use of high beams can reduce the occurrence of night traffic accidents. However,at present, there
is no efficient detection method for high beam of night,and relevant traffic regulations cannot be effectively implemented. In order
to solve this problem,an algorithm to detect the high beam at night is proposed in this paper. Based on YOLOv3, this algorithm
optimizes the network structure of YOLOvV3,accelerates its operation speed,uses standard residual components and dilates convo-
lution to enhance the feature expression ability of the network,and then the loss function of YOLOv3 is improved to optimize the
contribution of small-scale target to coordinate loss, which enhances the detection ability of small-scale target, finally YOLOv3
prior frame clustering algorithm and number are optimized to improve the expression ability and detection speed of the model. The
experimental results show that the mean average precision (mAP) of the algorithm designed in this paper is 99. 09% ,and 30%
higher than that of YOLOv3. The algorithm satisfies the practical requirement and can detect the violation effectively.
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Fig. 1 Visual field of surveillance camera diagram
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and after adjustment
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Table 1 Performance comparison of existing target detection

algorithms

Method Backbone mAP@50/% MT/ms
Faster R-CNN VGG16 89.18 248
Faster R-CNN ResNet101 90. 35 289

SSD300 VGG16 87.51 27

SSD512 VGG16 90.72 68
YOLOv2-512 Darknet-19 90. 43 29
YOLOv3-416 Darknet-53 92. 86 54
YOLOv3-512 Darknet-53 96. 56 61
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Fig. 3 Missed detection diagram
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Fig. 4 Improved YOLOv3 residual component diagram
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Fig. 9 Schematic diagram of prediction bounding box

N R B AR SO E S BR S  2 3 B 8L FERT 100
W EACHT I 25 BT R FH Y 2% 20 2208

learning_rate= learning_rate * Citer/100)*+10"°  (6)
Hi WG learning_rate J 0. 001, iter J 24 AT LR SR, 4
INZREAE] 4000 A 4800 YT, 2% > IR — 2% > H 1Y
A bWz —.

F3 MRILESH

Table 3 Relevant experimental parameters

batch 64
width X height 416 X416,512X512
momentum 0.9
decay 0.0005
max_batches 5500
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Table 4 Comparison of algorithm performance

Net TP FP FN P/% R/% F1/% mAP/% MT/ms
YOLOv3-416 1018 67 189 93.82 84.34 88.83 92.86 54
YOLOv3-512 1099 52 108 95.48 91.05 93.21  96.56 61

YOLOv3-SPP-512 1095 20 112 98.21 90.72 94.32 98.06 62
YOLOv3-DC 1162 21 45 98.22 96.27 97.24 99.09 40
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Comparison of network feature map
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Fig. 13 Comparison of detection results of three models in different

scenarios
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Fig. 15 False detection and missed detection in complex

environment
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Table 5 Comparison of different algorithms performance

Method Backbone mAP@50/ % MT/ms
Faster R-CNN VGG16 89.18 248
Faster R-CNN ResNet101 90. 35 289

R-FCN ResNetl101 90. 68 376

SSD300 VGG16 87.51 27

SSD512 VGG16 90.72 68

FSSD300 VGG16 90. 47 40
FSSD512 VGG16 90. 84 92
YOLOv2-512 Darknet-19 90. 43 29
YOLOv3-512 Darknet-53 96.56 54
RFBNet300 VGG16 89.33 42
RFBNet512 VGG16 94. 60 94
YOLOv3-SPP-512 Darknet53+ SPP 98. 06 62
YOLOv4-512 CSPDarkNet53 98. 39 65
YOLOv3-DC - 99.09 40
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