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Tab.2 Comparisons of ablation experiments results
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Fig.4 Detection examples based on YOLOvS5s_GAFP

YOLOvSs
YOLOvSs_GAFP o GhostNet
YOLOvSs
: Focal —EloU Loss

o UA-DETRAC

TEOH S S BRAUNL T.Performance evaluation of HOG
and gabor features for vision-based vehicle detection C
// Proceedings of 2015 IEEE International Conference on
Control System Computing and Engineering ( ICCSCE)
2015: 66-71.
ARUNMOZHI A PARK J. Comparison of HOG LBP
and haardike features for on—road vehicle detection
C  // Proceedings of IEEE International Conference
on Electro / Information Technology ( EIT) 2018: 362
-367.
GIRSHICK R DONAHUE J DARRELL T et al.Rich
feature hierarchies for accurate object detection and
semantic segmentation C // Proceedings of 2014

IEEE Conference on Computer Vision and Pattern

10

11

12

13

Recognition 2014: 580-587.
GIRSHICK R.Fast R-CNN C //Proceedings of 2015
IEEE International Conference on Computer Vision
(ICCV) 2015: 1440-1448.
REN S Q HE K M GIRSHICK R et al. Faster R -
CNN: towards real-time object detection with region
proposal networks ] .IEEE Transactions on Pattern
Analysis and Machine Intelligence 2017 39( 6) : 1137
-1149.
REDMON J DIVVALA S GIRSHICK R et al.You only
look once: unified real-time object detection C //Pro—
ceedings of 2016 IEEE Conference on Computer Vision
and Pattern Recognition ( CVPR) 2016: 779-788.
LUJY MA C LI L et al.A vehicle detection method
for aerial image based on YOLO J .Journal of Com—
puter and Communications 2018 6( 11) : 98-107.
JOSEPH R ALI F.A YOLO9000: better faster stronger
C //Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition 2017: 7263-7271.
SANG J] WU ZY GUO P et al.An improved YOLOv2
for vehicle detection J .Sensors 2018 18( 12) : 4272
-4280.
WANG X L. WANG S CAO J Q et al.Data-driven based
tiny—YOLOv3 method for front vehicle detection inducing
SPP-net J .IEEE Access 2020( 8) : 110227-110236.
ZHANG Y F REN W Q ZHANG Z et al.Focal and ef—
ficient 10U loss for accurate bounding box regression
J .Neurocomputing 2022 506( Sep.28) : 146—-157.
SANDLER M HOWARD A G ZHU M L et al.Mobile-
netv2: inverted residuals and linear bottlenecks C //
Proceedings of the 2018 IEEE/CVF Conference on Com—
puter Vision and Pattern Recognition 2018: 4510-4520.
HOWARD A G ZHU M L. CHEN B et al.Mobilenets:
efficient convolutional neural networks for mobile

vision applications J .arXiv 2017:1-9.



268

) 40

14 HOWARD A SANDLER M CHU G et al.Searching practical guidelines for efficient CNN architecture
for mobilenet v3 C //Proceedings of the 2019 TEEE/ design J .arXiv 2018:1-9.
CVF International Conference on Computer Vision 17 HAN K WANG Y H TIAN Q et al. Ghostnet: more
2019: 1314-1324. features from cheap operations C // Proceedings of
15 ZHANG XY ZHOU X Y LIN M X et al.ShuffleNet: the IEEE/CVF Conference on Computer Vision and
an extremely efficient convolutional neural network for Pattern Recognition 2020: 1580-1589.
mobile devices C // Proceedings of the 2018 IEEE/ 18 TANG Y H HAN K GUO J Y et al.GhostNet v2: en—

CVF Conference on Computer Vision and Pattern Rec—

ognition 2018: 6848-6856.

hance cheap operation with long—range attention J .

Advances in Neural Information Processing Systems.

16 MA N ZHANG X ZHENG H T et al.ShuffleNet v2: 2022( 35) : 9969-9982.

Lightweight Vehicle Detection System Based on the Improved YOLOVvS5s

LIN Xiaohan® HOU Dianli® ZHENG Hongxia”

(a.Faculty of Information and Electrical Engineering; b.Faculty of Transportation Ludong University Yantai 264039 China)

Abstract: Vehicle detection based on deep learning plays an important role in smart transportation.The existing
model structure which is complex and computationally intensive makes it difficult to deploy on edge devices of
embedded systems.This paper proposed a lightweight vehicle detection algorithm based on YOLOv5s. YOLOv5s
was improved through GhostNet and pruning optimization strategies to achieve lightweight system and real+time
detection; and the introduction of the loss function Focal-EloU Loss solved the problem of sample imbalance
and aspect ratio blur define the problem thereby improving the performance of object detection. Experimental
results on the UA-DETRAC data set are as follows. Compared with the original YOLOv5s algorithm the pro-
posed algorithm reduces the number of parameters model volume and FLOPs by 63% 50.6% and 64.7% re—
spectively and the detection speed increases by 50% while maintaining high precision and recall rate.This pa—
per provides a realstime algorithm choice for edge detection equipment with limited space energy and re—
sources.
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