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Target detection of workshop tools based on sparse learnable proposal

Liu Zhenbing Sun Qiaoyu Wang Shuwen Xia Jiawei

(School of Electronic Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: Aiming at the significant size discrepancies and various shapes among different models of workshop tools, a workshop tool
detection method based on sparse learnable proposal is proposed. Firstly, sparse representation and learnable proposal mechanism are
integrated to improve the robustness of the model and reduce the required parameters in the detection process. Secondly, Swin-
Transformer structure is introduced to enhance the global and detail learning ability of the model, which can effectively overcome the
shortcomings of traditional convolution neural network in high-level semantic information fusion. Thirdly, an improved multi-scale feature
fusion network architecture is used to improve the detection ability of the model for various scale targets according to effective fusion of
different scale features. Finally, multi-head attention and dynamic convolution are combined to establish a more precise and detailed
connection between different feature layers, thereby furtherly improving the accuracy of target detection. The CloU loss function is
applied to make the regression prediction of the boundary box more comprehensive and accurate by considering the location, scale and
shape information. The experimental results show that the average detection accuracy of the proposed method for workshop tool detection
reaches 91% , which is at least 2. 3% higher than the current mainstream methods. At the same time, the detection speed of a single
picture is about 53 ms, which meets the needs of real-time detection and reflects the excellent comprehensive performance.
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Fig.2  Structure of Swin-Transformer
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Fig. 6 Annotated dataset illustration
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Table 2 Number of labels for each class
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Table 3 Comparative analysis of ablation experiments on key network modules

Fusion Attention Loss hammer piler rope screw driver wrench mAP Params
0. 867 0.788 0.931 0. 801 0.853 0. 848 107. 99

Vv 0.911 0. 769 0.942 0.833 0. 897 0.87 107. 99
Vv 0. 882 0. 884 0.93 0.835 0.903 0. 887 109. 57

2 0. 884 0. 875 0.939 0. 827 0.916 0. 889 107.99

Vv vV 0. 884 0. 864 0.984 0. 81 0.915 0.892 109. 57
vV 0. 887 0. 875 0.939 0. 846 0.917 0.893 107.99

Vv Vv 0. 883 0.87 0.937 0. 864 0.922 0. 895 109. 57

vV vV vV 0.905 0.891 0.988 0. 841 0.923 0.91 109. 57
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Table 4 Comparison of different algorithms

gk hammer piler rope screw driver wrench mAP GFlops FPS
Faster R-CNN 0.799 0. 82 0.948 0. 851 0.921 0. 868 210. 33 16.2
RetinaNet 0. 866 0. 841 0.941 0.816 0.919 0. 877 211.63 17.2
Cascade 0. 854 0. 844 0.961 0. 823 0.916 0. 88 238.12 14.4
Foveabox 0. 862 0. 866 0.937 0. 846 0.915 0. 885 208. 09 17.5
Dynamic R-CNN 0. 835 0.816 0.94 0. 845 0.923 0. 872 203. 13 16.3
YOLOv5x 0. 899 0. 835 0.903 0. 842 0. 956 0. 887 203. 8 50. 25
Sparse R-CNN 0. 866 0.779 0.941 0.793 0. 883 0. 852 149.9 21.5
Ours 0. 905 0. 891 0. 988 0. 841 0.923 0.91 174. 18 18.5
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Fig.7 Detection results of different algorithms
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