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Research on a Vehicle Detection Algorithm Based on Improved YOLOVS

CHEN Zhengzhi, LIU Guowei

School of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective This study addresses the following challenges in vehicle detection under road traffic environments:
small target sizes, occlusions, unclear targets, and the consequent false positives and missed detections. Methods An
index named ShapeloU was proposed to assess the matching degree between the target detection box and the real shape of
the target. By calculating the similarity of the target contour, the matching degree between the detection box and the real
shape was measured to enhance the precision and accuracy of object detection. A convolutional kernel module adjusted by
the dynamic snake convolution (DSConv) module was introduced. This module could adaptively adjust the shape of the
convolutional kernel according to the changes in the shape and size of the target, so as to capture the features of the target
more effectively. To improve the multi-scale detection ability, enhance the detection accuracy and the expression ability of
the model, a P2 detection head was added during the improvement. Results The Precision, Recall, mAP@ 0. 5, and
mAP@ 0. 5: 0. 95 of the improved YOLOv8 model algorithm increased by 2. 6%, 3.2%, 3.2%, and 3. 0% respectively,
reaching 87.9%, 84.2%, 89.4%, and 65.4%. Conclusion The detection of small, occluded, and unclear targets in
complex traffic environments has been significantly improved. It is verified that this improved method can effectively solve
problems such as low accuracy in vehicle target detection.

Keywords: YOLOv8; vehicle detection; dynamic snake convolution; ShapeloU; P2 detection head
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Fig. 1 Diagram of the improved network model architecture
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Table 2 Ablation test results

C2f- Shape Parameters ~ FLOPs
P2 mAP@0.5
DSConv IoU /MB /G

0. 864 3.007 8.2
v 0. 87 3.267 8.3
v v 0. 881 3.267 8.3
v v 0. 884 3.18 12.5

v v 0. 836 2.92 8.3

v v v 0. 896 3.182 12.4
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Table 3 Comparative test results

BOA P/% R/% mAP@Q.5 Parameters/MB FLOPs/G

Fast-R—-CNN 65.8 84.2 83.9 28.3 108.2
YOLOv3 93.3 87 91.3 61.52 156. 6
YOLOv3-tiny 84.5 79.3 84.2 8. 68 12.9
YOLOv5n 87.3 79.8 87 1.76 4.3
YOLOv7 9.5 85 89.1 37.2 105.2
YOLOv7-tiny 87 79.5 85 6.03 13.2
YOLOv8 85.3 81 86.4 3.01 8.2
XAK[22] 88.3 81.7 88.1 4.17 10.7
k[ 23] 86.2
K[ 24] 84.7 89.8
Ours 88 84.2 89.6 3.18 12.4
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Fig. 5 Comparison of detection results between YOLOVS

and the improved model

3 85

ARWFFEH, (HH YOLOVS A7 I e ik 3435 1y 5
BT AR ERR IR . SRR TE DR RS BE (I O
TSEELT RIS B P RETE . 7RI AR T A
FIEE R, B 2 ]ROEEA I 3% |, % 11 C2f-DSConv 45 1
B 145 /U2 Cof BEHRSEL T X 76 2 28 B85 T a4 H
b FETH/N HARBRS WA I , B J5 57| A ShapeloU % &
TR AN RO, T 0ok v i 7 i AL [l A o
ARG A RE AR AR B R AR B R 2L ekt e
B H ARG mAP@ 0. 5 $2713 89. 6%,

ABIFTE AR T A8 1 A B RE W R G L % H B
BB L T AT SR A BR SR A A AR
I T A 1R A8 3 28 4 AT K 4 T AR

27 K (References) :

(1] Selbom, 25600, LT SIFT A HOG $RAE Rl & AU 4250k
ML) HENLSEFE TR, 2021, 49(6): 1113-1117.
GUAN Xiao-bin, LI Zhan-ming. Vehicle detection algorithm
based on video SIFT and HOG feature fusion[J]. Computer &
Digital Engineering, 2021, 49(6): 1113-1117.

[2] GILROY S, JONES E, GLAVIN M. Overcoming occlusion in
the automotive environment: a review[J]. IEEE Transactions
on Intelligent Transportation Systems, 2021, 22(1): 23-35.

[3] WANG Y, QIU Y, JIANG H, et al. Small object detection
for autonomous driving under hazy conditions on mountain
motorways[J]. Optical Engineering, 2023, 62: 113101.

[4] kBl ZEMESC. —FPEET SVM HI HOG 454 B85 42 iR
FELL)]. AR, 2019(7): 74-75.

ZHANG Kai, LI Hua-wen. A video vehicle recognition
algorithm based on SVM and HOG features[J]. Electronics
World, 2019(7): 74-75.

[5] BURGES CJC. A tutorial on support vector machines for
pattern recognition|J]. Data Mining and Knowledge Discovery,
1998, 2(2): 121-167.

[6] SKELF, $R/RE, Mg, . 5 TH# YOLO Bk mDLer
IRGEH B pa R[], I E R, 2023, 46(10): 32-39.
ZHANG Qian-chuang, GUO Chen-xia, YANG Rui-feng, et al.
Optical fiber loop winding defect detection based on improved
YOLO algorithm[J]. Electronic Measurement Technology, 2023,
46(10): 32-39.

[7] WANG H, YUY, CAILY, etal. A comparative study of state-of-
the-art deep learning algorithms for vehicle detection[J]. TEEE

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



44

ERIHAFFR(AARFER)

%43 %

[8]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Intelligent Transportation Systems Magazine, 2019, 11 (2):
82-95.

W, iR, siEd, % FE T RPN (19 Faster-RCNN
M4 SAR BSR4 H ARkl i [J]. RERF5 (A
REBMERR), 2021, 51(1): 87-91.

CAO Lei, WANG Qiang, SHI Run-jia, et al. Method for
vehicle target detection on SAR image based on improved RPN
in Faster-RCNN[J]. Journal of Southeast University (Natural
Science Edition), 2021, 51(1): 87-91.

GENG 1, ZHANG S, TONG J, et al. Lung segmentation method
with dilated convolution based on VGG-16 network[J]. Computer
Assisted Surgery, 2019, 24(sup2): 27-33.

REDMON J, FARHADI A. YOLOY00O: Better faster stronger
[C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE Press, 2017: 6517-6525.
LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot
MultiBox detector[ M]//LEIBE B, MATAS J, SEBE N, et
al, eds. Computer Vision-ECCV 2016. Cham:
International Publishing, 2016: 21-37.

Ftibar, 290, BLEZE, 4R BTG SSD AR T i
RGN )]. AR SIARSE, 2021, 40(1): 114-117.
SONG Shi-qi, LI Xu, ZHU Xue-fen, Urban road

Springer

et al.
vehicle detection method by aerial photography based on
improved SSD[J]. Transducer and Microsystem Technologies,
2021, 40(1): 114-117.

B, M. ZEAEFENRE R RIS/ B AR
BEL[T]. TR RR, 2023, 46(13): 88-94.

ZHAO Qian, YANG Yi-cong. Small object detection algorithm for
lightweight remote sensing vehicles with multiple pyramids [J ].
Electronic Measurement Technology, 2023, 46(13): 88-%4.

LI G, SHI G, ZHU C. Dynamic serpentine convolution with
attention mechanism enhancement for beef cattle behavior
recognition[J]. Animals (Basel), 2024, 14(3): 466.

LIU F, GU D, CHEN C. ToU-related arbitrary shape text scoring
detector[J]. TEEE Access, 2019(7): 180428-180437.

YANG Z, SHEN Y, SHEN Y. Football referee gesture
recognition algorithm based on YOLOv8s [J]. Frontiers in
Computational Neuroscience, 2024, 18: 1341234.
SHIEH J L, HAQ Q M U, HAQ M A,

et al. Continual

learning strategy in one-stage object detection framework based

[18]

[19]

[20]

[21]

[22]

[23]

[24]

on experience replay for autonomous driving vehicle [ J].
Sensors, 2020, 20(23): 6777.

XU, R K. TG TR 2 08 R R T AL A 22 4 iR
Kl [J/O0L]. R TR R4 (A ARBFERR) : hitps: //
link. cnki. net/urlid/50. 1155. n. 20240425. 1723. 004.

LIU Yan, ZHOU Mengran. Helmet wearing detection
integrating knowledge distillation and attention mechanism
[J/OL]. Journal of Chongging Technology and Business
University (Natural Science Edition): https: //link. enki. net/
urlid/50. 1155. n. 20240425. 1723. 004.

SAMMA H, AL-AZANI S, LUQMAN H, et al. Contrastive-
based YOLOv7 for personal protective equipment detection[]].
Neural Computing and Applications, 2024, 36(5): 2445-2457.
SR, T Mk, MRARET, A5, FE TR0 YOLOVS i AUk i
RS 5 U0 7 [ J/0L]. WL T/, hups: //
link. cnki. net/urlid/33. 1088. TH. 20240319. 1117. 007.

WU Boyang, MAO Sheng-ke, LIN Te-yu, et al. Surface damage
detection and identification method of wind turbine blades based
on improved YOLOV8[J/OL]. Mechatronic Engineering, https: //
link. enki. net/urlid/33. 1088. TH. 20240319. 1117. 007.

DU Z, LIANG Y. Object detection of remote sensing image
based on multi-scale feature fusion and attention mechanism[J].
IEEE Access, 2024(12): 8619-8632.

BB, M, BT, S R YOLOVS A @iy
HI]. RIS, 2024, 45(6): 1705-1712.

LYU Hong-ze, LI Ji-cai, YANG Qiao-nan, et al. Vehicle
detection method based on improved YOLOvS[J]. Computer
Engineering and Design, 2024, 45(6): 1705-1712.
BRAR, BT, TP, SF SRR LR A 2 RE
BARIE L[], J62E#4R, 2020, 40(13): 1315002.
JU Mo-ran, LUO Jiang-ning, WANG Zhong-bo, et al. Multi-
scale target detection algorithm based on attention mechanism|[J].
Acta Optica Sinica, 2020, 40(13): 1315002.

JEIG, INERLE, A, AR EANFER R T IZ HbR 4
S NBRERAE[T]. AN ENL R 4, 2021, 42(3):
542-549.

GU Li-peng, SUN Shao-yuan, LI Xiang, et al. Multi-object
vehicle and pedestrian tracking algorithm in driving scene of
unmanned vehicle[J]. Journal of Chinese Computer Systems,

2021, 42(3): 542-549.

veHEgdR  fUMEL

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



