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Abstract

In this paper, a vehicle detection model based on computer vision is established to realize real-time
detection of the target vehicle in front. This paper proposes a lightweight vehicle detection model
based on YOLOvS5 algorithm. First, the YOLOvV5 detection network is built. For the small target
model in the image, the backbone network of YOLOVS is reconstructed by ConvNeXt to extract
features, so as to improve the fine-grained feature fusion ability of the network and improve the
detection accuracy; Secondly, in order to effectively solve the problem of image scale feature
transformation, the introduction of coordinate attention mechanism in the backbone network
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improves the efficiency of backbone feature extraction and further improves the feature extrac-
tion ability of the algorithm; Thirdly, prune the model to make it more lightweight. The experi-
mental results show that the average accuracy of the improved YOLOv5 algorithm reaches 97.41%,
which is 5.3% higher than the original algorithm. The model detection rate after pruning reaches
175 f/s, which is 69.4% higher than the original rate. It is proved that the algorithm can meet the
requirements of real-time vehicle detection.
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Figure 1. YOLOVS5s structural model
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Figure 2. SPPF structure diagram
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Figure 3. CIOU diagram
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Figure 4. Backbone structural diagram
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Table 1. Software and hardware platform configuration parameters

=1 B REGTERESY

7825 fic &
GPU NVIDIA GeForce RTX3060ti
CPU Intel Core i5-12500H
BE RS Windows10
TREE 2 S HESE pytorch 1.9.2
CUDA Jit & cuda 11.2

ARSCSEHSR 5 AN Fabr , LR 2 (Precision, P)~ 251 (1) 344 F% 32 {H (mean average precision, mAP).
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Hrp, TP ONIEREARTIN MR, FN N TREATIER SR, FP ONIEREARTIN AT iR (2R, TN
NGREAR T W HCE, 9o @ KA IHERR R, N NIHE.
4.2. SKWERBFELSHT

B, TEHM YOLOVS INZk—MrERIRARL . 2 AR, 12N RIS B R B ST A\ S
Rrp, EATREINZR, HRRNGSHOLAER 2 P,

Table 2. Training parameters

2. 4B H

ZH HfE
IEGEES 0.001
seb2Es) % 0.01

DER=2 E i 0.0005
warmup 4143 & 0.75
epoch 300

N T R AR S GEE ) YOLOVS S iRk, 2l otk J5 1 58 73 2401 0% R HORD 815 FE 490 2% ek )
Blome o, 20 SRB5K B SO T SERE S0 I AR A€ 2 K Z IR 22 ELAR LA R s AU R T AL B
BRI RZE DR o

HI 7 AT, BEJE ) YOLOVS AR, 73 Rk B EE 100 FefasE T2k, RS 0.001
JEAT s TELAS BE 0K B B 28 0.01 A2y, 8T DA B SR, BdE YOLOVS S0 45 2% B 4
WS PR HLAS R R AL

0.03- 0.03

0.02- 0.02

2 2

e K]

@ 5

© 0.01- © 0.01-

0.00 T e 0.00+—T———T—T—+—1—T—+
0 100 200 300 0 100 200 300

epoch epoch

Figure 7. YOLOVS loss function
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Table 3. Comparison of experimental results of different algorithms
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Figure 8. YOLOVS detection rendering
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