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Vehicle detection, tracking and ranging based on binocular vision
GUO Pengyu

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Due to various unsafe factors on the road, vehicle detection, tracking and ranging are the important part of automatic
driving technology. In this paper, YOLOv4-tiny is used as a detector to speed up model detection and is more suitable for vehicle
embedded devices. Considering the failure of object detection, this paper stores the previous tracking details (unique ID) and the
corresponding label of each object in the history buffer, and proposes a medium—based label estimation scheme (MLP) , which uses
the median value of the history label stored in the previous frame to predict the detection label of the object in the current frame, so
that tracking errors are minimized. The images obtained by binocular camera are used to detect vehicle distance. After testing the new
network structure, the detection accuracy(Mean Average Precision, mAP) is 80.14% , the detection speed is 184% higher than that
of YOLOvV4, and the detected distance error is about 0.5% on average.
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Tab. 1 YOLO parameter settings

YOLO ZE E 54
Mask 0,1,2
anchors 10,14, 23,27 37,58 81,82 135,169 344,319
classes 4
num 6
Jitter 0.3
scale_x_y 1.05
cls_normalizer 1.0
iou_loss clou
ignore_thresh 0.7
truth_thresh 1
random 0
Resize 1.5
nms_kind greedynms
beta_nms 0.6

R2 BRERTESHILE

Tab. 2 The convolution layer parameter settings

BRZ A e
batch_normalize 1
filters 64
size 3
stride 2
pad 1
activation leaky
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Fig. 1 A history buffer example after applying MLP
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Fig. 2 Schematic diagram of binocular parallax
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Fig. 3 Principle of binocular parallax
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Tab. 3 Frame rate and mAP comparison

TR mAP /% Wi (FPS)
YOLOv4 85.08 14.12
YOLOv4—tiny 80.14 40.11
YOLOV3 83.32 16.99
YOLOv3-tiny 69.03 52.77
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Fig. 4 Cars video detection using YOLOv4-tiny model
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Fig. 5 The label changes before and after using the method in this
paper
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Tab. 4 The measured results analysis

AL MHEEEE/em  SCPREEES/ cm TR22/ %
1 1 567.00 1 559.11 0.503 5
2 1 655.00 1 646.14 0.5353
3 1 738.00 1729.16 0.508 6
4 1 893.00 1 883.17 0.519 3
5 1 983.00 1971.20 0.595 1
6 2 236.00 2 223.22 0.571 6
7 2 489.00 2 475.26 0.552 0
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