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Pointer instrument detection algorithm improved by YOLOVS8

Sun Xiaolong Xu Yan
(School of Intelligent Manufacturing Modern Industry, Xinjiang University, Urumqi 830047, China)

Abstract: To address the issues of low detection accuracy, high missed detection rate, and poor real-time performance
in complex indoor and outdoor scenarios, where the instrument area occupies a small pixel ratio due to the long
shooting distance, this paper proposes an improved pointer instrument detection algorithm based on YOLOv8, named
GRCP-YOLOvS. First, a C2[_CGA module, integrated with the CGA attention mechanism, is designed to enhance the
model’s ability to express features at different scales and replace all C2f modules in the backbone network. Secondly,
RFAConv is introduced to replace the conventional convolution layers, addressing the insufficient feature representation
caused by parameter sharing in standard convolution modules. Subsequently, a new neck network structure, CCFPN is
designed. By incorporating high-resolution feature maps extracted from the backbone network, it improves the model’s capability
to detect small targets, while reducing the number of channels in convolution layers via 1 X 1 convolutions, thus
reducing the model’s parameter count and computational complexity. Finally, a new detection head, RepHead, based
on reparameterized convolution (RepConv), is introduced to reduce computational load and memory consumption
during inference. Experimental results show that the proposed algorithm achieves accuracy. recall rate, and mAP@50
of 94.3%, 91.6% . and 92. 5%, respectively, with recall and mAP@ 50 improving by 1. 3% and 1. 2% compared to
the YOLOv8n model. The algorithm also reduces computational complexity and parameter count by 39% and 27 %,
respectively, while the model size is only 4. 22 MB. These results demonstrate that the proposed algorithm not only
improves detection accuracy but is also more suitable for deployment on edge devices.

Keywords: YOLOvS;target detection;pointer instrument;lightweight;attention mechanism
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Table 1 Comparison of performance of different improved C2f modules
o Precision Recall mAP@50 GFLOPs/G Params/M
YOLOv8 0. 946 0.903 0.913 8.2 3.1
YOLOv8(C2{_Acmix) 0. 940 0.912 0.919 8.4 3.2
YOLOv8(C2f_DLKA) 0. 940 0.915 0.922 13.5 4.6
YOLOv8(C2{_FLA) 0.935 0.909 0. 920 8.2 3.2
YOLOvV8(C2{_iEMA) 0. 944 0.911 0.916 8.3 3.1
YOLOv8(C2{_CGA) 0. 949 0. 906 0.928 8.4 3.1
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Table 2 Comparison of performance of different down-sampling modules

e A Precision Recall mAP@50 GFLOPs/G Params/M
YOLOvVS 0. 946 0.903 0.913 8.2 3.1
YOLOv8(ContextGuidedBlock_Down) 0. 940 0.915 0.923 7.8 2.8
YOLOv8(DiverseBranchBlock) 0. 940 0.915 0.921 9.8 3.5
YOLOv8(ODConv) 0.934 0.915 0.917 7.2 4.2
YOLOv8(SAConv) 0.949 0.911 0.919 7.3 3.5
YOLOv8(RFAConv) 0. 936 0.920 0.923 8.4 3.1
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Table 3 Comparison of different neck network performance
ol 74 Precision Recall mAP@50 GFLOPs/G Params/M
YOLOv8 0. 946 0.903 0.913 8.2 3.1
YOLOvV8(ASF_YOLO) 0.939 0.911 0.919 8.7 3.1
YOLOv8(BiFPN) 0. 944 0.911 0.919 8.2 2.8
YOLOv8(GoldYOLO) 0.937 0.910 0.919 17. 6 8.1
YOLOv8(CCFPN) 0. 948 0.916 0.919 6.7 1.9
x4 ETHHERERE®GN LM LR
Table 4 Comparison of performance of different detection heads based on improved network
T Precision Recall mAP@50 GFLOPs/G Params/M
GRC_YOLOvV8(ASFFHead) 0. 944 0. 904 0.92 8.0 2.3
GRC_YOLOv8(DynamicHead) 0. 947 0. 909 0.921 7.9 2.4
GRC_YOLOv8(Detect_DBB) 0.942 0. 905 0.923 7.4 2.1
GRC_YOLOv8(RFAHead) 0.941 0.912 0.922 6.1 1.9
GRC_YOLOv8(RepHead) 0.943 0.916 0.925 6.0 1.8
2.4 HEXK T 0.3% 1 1.3% . mAP@50 42T+ T 0. 6% ; 5 [ B,
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Table 5 Ablation experiments of each module in the improved model

LAY C2{_CGA RFAConv CCFPN RepHead Precision  Recall mAP@50 GFLOPs/G  Params/M
X X X X 0. 946 0. 903 0.913 8.2 3.1
N X X X 0. 949 0. 906 0.928 8.4 3.1
X J X X 0. 936 0. 920 0.923 8.4 3.1
YOLOv8n X X J X 0. 948 0.916 0.919 6.7 2.0
X X X J 0. 943 0. 908 0.921 8.5 4.1
J J X X 0. 943 0.916 0. 927 8.5 3.1
J J J X 0. 950 0. 902 0. 925 7.1 2.1
N N; Ni N; 0. 943 0.916 0.925 6.0 1.8
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Table 6 Comparison results of different target detection networks
A Precision Recall mAP@50 GFLOPs/G Params/M
SSD 0.934 0.721 0. 877 62.70 26. 3
Faster-RCNN 0.626 0.935 0.901 370. 00 137.1
YOLOv3-Tiny 0. 926 0. 906 0.910 19. 00 12.1
YOLOv5n 0. 935 0. 891 0.918 7.20 2.6
YOLOv6n 0. 939 0.918 0.922 44. 20 16. 3
YOLOv7-Tiny 0. 927 0. 901 0.923 13. 86 6.2
YOLOv8n 0. 946 0.903 0.913 8. 20 3.1
YOLOv10n 0.931 0. 898 0.918 8. 40 2.7
YOLOvlln 0. 938 0.911 0.923 6. 40 2.6
A 0.943 0.916 0.925 6.00 1.8
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Table 7 Comparison results of different improved YOLOV8 models

) Precision eca mAP@50 sFLOPs/G Params

R i Recall AP@ GFLOPs/ /M
k27 ] 0.939 0.918 0.917 6.7 2.0
k28] 0.936 0.911 0.916 7.9 2.9
CHR[29] 0.933 0. 906 0.920 7.4 2.9
SCHR[30] 0.935 0.910 0.921 17.9 4.7
A SCHE 0. 943 0.916 0.925 6.0 1.8
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