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Improved urban traffic statistics of YOLOv4+DeepSORT
JIA Renxiang, SHAN Hongtao

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Aiming at the slow speed of the original YOLOv4 and DeepSORT algorithms in the process of traffic flow statistics, an
improved traffic flow statistics method combining YOLOv4 and DeepSORT was proposed considering the real-time performance and
accuracy. Firstly, in order to improve the speed of the detector, MobilenetV3—-CA was used to replace the backbone network of
YOLOV4 to reduce the number of model parameters and improve the speed of the network. The Control Distance IoU( CDIoU) loss
is used as the location loss to make the network prediction box and the real box have higher coincidence degree. Focal loss was used
to improve the confidence loss, so that the model could better learn the occluded vehicle features in the training process. Then,
unscented Kalman filter is used to improve the motion correlation of DeepSORT to improve the nonlinear capability of the tracking
process. The vehicle color feature is used to replace the depth feature of the rerecognition network as the appearance information,
which reduces the computation time of the tracking algorithm. Finally, the improved YOLOv4 algorithm is combined with
DeepSORT algorithm, and the virtual detection line is set in the video for traffic flow statistics. Experimental results show that the
speed of the improved algorithm is more than 25 frames/second, which meets the demand of real-time performance. In terms of
accuracy, the accuracy of multiple videos is up to 90%.
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Table 1 Performance comparison of different detection algorithms

L3 mAP/ % FPS R 25 1
Faster—RCNN 74.59 18.21 110. 00
SSD 71.50 75.20 92.70
YOLOv3 76.20 43.10 242.20
YOLOv4 79.15 45.20 250. 20
YOLOv4~tiny 69.70 85. 00 23.16
YOLOv4-Ghostnet 70. 50 69. 50 43.70
YOLOv4~-Mobilenetv3 74.78 56. 40 55.30
Improved YOLOv4 78. 64 51.40 50. 30
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Table 2 Performance comparison of different improvement strategies

YOLOv4  Focal FRAY
CDIbU ~ CA  mAP/%  FPS "

Mobilenetv3  loss Pag s

Vv 74.78  56.4  55.3

Vv Vv 76.78  56.1 55.3

vV Vv vV 77.44  56.8  55.3

Vv vV Vv v 78.64  51.4  50.3
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Fig. 6 Comparison of visual results of vehicle detection

3.3.2 i DeepSORT B4k 508
SEYG R T R JK 2 U8 U Rl A DeepSORT 5
2,76 UA-DETRAC 3204 v 328 OO AR 5 47 I
GERILER 3,
#3 EEBRERBAL

Table 3 Vehicle tracking experiment comparison

A Ds FPS

SORT! "’ 95 45.0
DeepSORT!!®! 53 21.8
DeepSORT+CH 57 29.4
DeepSORT+UKF 41 20.5
DeepSORT+CH+UKF 43 28.5
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Fig. 7 Tracking effect display diagram
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Table 4 Traffic flow detection results

B G RCRL STl FkG R
WIS SEhR 43

BkgiteE MR % FPS BkgiteE MR % FPS
1 54 50 92.50 21.5 52 96. 20 28.4
2 75 71 94. 60 21.3 72 96. 00 28.5
3 33 27 81.80 21.8 30 90. 90 29.4
4 220 192 87.27 20.5 203 92.20 27.5
5 110 91 82.70 20.9 102 92.70 27.9
6 80 70 87.50 21.3 74 92.50 28.2
7 21 18 85.70 21.8 20 95.20 29.1
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Fig. 8 Visualization results of traffic flow detection
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