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Abstract: Vehicle and pedesirian safety monitoring is an important task of urban traffic monitoring. Aiming at the
problems of poor visual effect, high noise, and difficult target detection of the images collected under complex and bad
weather conditions such as fog and haze, a dual backbone network (MobileNets VGG-DCBM Network, MVNet) was
proposed for traffic object detection in fog. Inspired by the network structure of PCCN and CBNet, this structure was
composed of improved depthwise separable convolutional neural network MobileNets and VGG-DCBM network based on
VGGNet. The dual backbone object detection network structure was constructed by using the parallel method. The
improved MobileNets was the main backbone network and VGG-DCBM was the assistant backbone network to extract the
feature information and realize the fusion of feature information between different networks. MVNet network structure
adopted the parallel method to obtain the information of different feature layers extracted by the two networks, and realized

the fusion of different network feature information by using the method of channel splicing, so as to obtain richer detailed
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features. On RTTS and HazePerson datasets, the mean average precisions (mAP) reached 71. 50% and 89. 84%,

respectively. The experimental results show that this method has strong robustness in complex bad weather conditions such

as fog and haze, and can accurately detect vehicles and pedestrians. It is better than the comparison method in object

detection performance.

Keywords: tratfic object in foggy weather; dual backbone network; parallel model; feature fusion; channel splicing
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Table 1 Detection results of different detection methods

on RTTS dataset
Method mAP/% R,/%  P./% FPS
SSD-vggl6 67.39 51.00 85.53 55.13
YOLOv4-CSPdarknet53_tiny 65.21 47.53 85.13  36.66
YOLOv3-Darknet53 68.36 56.63 82.92 33.55
Faster RCNN-resnet101 72.10 61.78 85.69 5.60
YOLOv4-CSPdarknet53 69.10 47.44 86.76 25.20
MVNet 71.50 72.56 95.31 19.61
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=30
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Table 3 Detection results of different improved detection
methods on RTTS dataset

Method mAP/% R./% P/% FPS

YOLOv4-MobileNet 58.63 33.09 84.44 33.35

YOLOv4-MobileNets 60.32 38.34 82.14 26.38
YOLOv4-CSPdarknet53 69.10 47.44 86.76 25.20
YOLOv4-CSPDarknet53_vgg-dchm 69.79 46.13 87.93 12.39

MVNet 71.50 72.56 95.31 19.61
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Table 4 Detection results of different improved detection

methods on HazePerson dataset

Method mAP/% R,/% P,,% FPS

YOLOv4-MobileNet 73.57 23.32 61.93 38.06

'YOLOv4-MobileNets 79.64 63.58 93.43 30.00
YOLOv4-CSPdarknet53 88.47 82.43 92.47 25.97
YOLOv4-CSPDarknet53_vgg-dchm 88.74 73.16 95.03 16.23

MVNet 89.84 84.66 95.19 20.60
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Fig. 8 Detection results in mist environment
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(a) SSD-vggl6 (b) YOLOV4-CS (¢) YOLOv3-Dark (d) YOLOv4-CSP (e) Faster RCNN-
-darknet 53_tiny -net 53 -darknet 53 resnet 101
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Fig.9 Detection results in medium fog environment

bicrdielo 770 cycle G 87}
. .
-

(a) SSD-vggl6 (b) YOLOV4-CS (¢) YOLOv3-Dark (d) YOLOv4-CSP (e) Faster RCNN-
-darknet 53_tiny -net 53 -darknet 53 resnet 101

B 10 REFETHRNER

Fig. 10 Detection results in dense fog environment
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Fig. 11 Detection results at different angles and different contrasts
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