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Improved YOLOVS electric bicycle battery detection algorithm

Shuai Boyu Zhang Yali
(School of Information Network Security, People’s Public Security University of China,Beijing 100038, China)

Abstract: In order to solve the problems of single battery style, less feature information and limited academic scenario,
we focus on lightweight detection algorithm, and propose an electric bicycle battery detection algorithm based on an
improved version of YOLOv8, termed PSPG-YOLO. In terms of feature extraction within the network mesh., have
designed a multi-branch PStarblock to optimize C2f module enhancing the feature-information representational capacity
with a simpler module. For multi-scale fusion feature pyramid. dilated convolution with shared parameters is employed
to refine the SPPF structure, increasing receptive fields while preserving more detailed feature information. regarding
detection head design. we introduce a GSPH. By leveraging shared convolution alongside partial convolution
techniques, we reduce model complexity, additionally, both anchor point and stride can be dynamically adjusted;
internal parameters are automatically calibrated to enhance adaptability across various scale feature maps. Experiments
conducted on a self-constructed data-set specifically targeting electric bicycle batteries demonstrate that, compared to
the baseline model YOLOv8n, PSPG-YOLO achieves reductions in FLOPs by 57% and in params by 43%, and
improved mAP50 values by 0. 8, yielding superior overall performance relative to other mainstream detection models,
providing an efficient management method for electric bicycle battery illegal entry into households.

Keywords: electric bicycle battery detection; YOLOvS8;lightweight class;Deep learning
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Table 3 Ablation experiments
Hek A B C P R mAP50 FLOPs/G SR /M
YOLOv8n 0. 853 0. 885 0.928 8.1 3.0
YOLOv8n N/ 0. 847 0. 878 0.925 6.2 2.3
YOLOv8n N 0. 894 0. 862 0. 934 8.1 3.2
YOLOv8n N 0. 882 0. 859 0. 937 5.3 2.3
YOLOv8n J NG 0. 868 0. 889 0.93 6.2 2.4
YOLOv8n N/ Ni 0. 848 0.871 0.919 3.4 1.5
YOLOv8n N/ N N/ 0. 861 0. 886 0.936 3.5 1.7

2.6 Itk

T TR A TH A A AR SC T HR SRR B A B L AR /N Y S
e T BT A 2R B A Ak AT 6 L ST
i YOLOv3-tiny™’, YOLOv5n, YOLOv5s, YOLOv7-
tiny"™’, YOLOv9s™' | YOLOv10n**', YOLOvIl n, RT-
DETR-r18%, U 25 SR 3k 4 i,

IF% 4 TR DL L AH BT 2R At S I S e A ) A
B, AR SCT 9 PSPG-YOLO 376 s 3 [ 17 45 s A

DT 55 o EL A O M sk 2R, IAARE AL 52 4 B 3K 3] T e Aok
M FAEERE K RT-DETR,. PSPG-YOLO # A 764G
&AL 0. 5 HIFE R A SR S IR T 83% N 972,
MR 2B T 22 0B B G B F &R YOLOv1L n 8
RSO E PSPG-YOLO S & MitH & L)) 5A
BT I 1 el = 1 L R O NI S T
PSPG-YOLO £i4 £ fE,
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Table 4 Comparison experiments

Bk P R mAP50 SR /M FLOPs/G

YOLOv3-tiny 0. 813 0. 829 0. 880 8.7 12.9
YOLOvS5n 0. 852 0. 870 0.915 1.8 4.1
YOLOvS5s 0. 880 0. 868 0. 924 7.0 15. 8
YOLOv7-tiny 0. 839 0. 839 0. 908 6.0 13.0
YOLOv8n 0. 853 0. 885 0. 928 3.0 8.1
YOLOV9s 0. 885 0. 882 0. 929 7.2 26.7
YOLOv10n 0. 831 0.871 0.916 2.3 6.5
YOLOvlln 0. 881 0. 860 0. 938 2.6 6.3
RT-DETR-r18 0. 890 0. 867 0.941 20. 0 56.9
PN 0. 861 0. 886 0. 936 1.7 3.4
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