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Workshop tool detection algorithm based on spatial feature fusion
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Abstract: The interaction of hands and tools is the key information to distinguish the behavior of workers. To prevent the errors and
omissions of the process in the assembly of pumps and achieve the purpose of real-time monitoring, a workshop tool detection algorithm
based on spatial feature fusion is proposed. First, in order to improve the localization ability and detection accuracy of the object, the
hand motion region in the foreground is segmented based on the frame difference method to obtain a texture map with hand spatial
information, which is combined with RGB images of the assembly process to form a dual channel inputs to the object detection network.
The spatial perception module is designed to realize the spatial feature fusion of the dual channel inputs and obtain the global spatial
information. The feature enhancement module is proposed to mix the global spatial information and deep semantic information to enhance
the feature response at salient locations. Then, the ESNet ( enhance shuffleNet) is used to reconstruct the backbone network and form a
multi-scale feature extraction module by deep separable convolution to improve the detection speed. Finally, in view of the local elements
change both in the foreground and the background, the CutOut data enhancement method is used to improve the anti-interference
capability. The experimental results show that the proposed algorithm can effectively reduce the false detection rate, and improve the
mAP by 6. 4% compared with the traditional YOLOvSs. The method can quickly and accurately detect the tools used by shop workers.
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Table 4 Comparison of dual channel input ablation experiments
APO. 5
Model Augment Precision Recall
ol 02 03 mAP
YOLOvS5s CutOut+Mosaic 0.749 0. 987 0. 887 0.874 0.915 0. 856
YOLOv5s+Diff-CBAM — 0. 851 0.978 0. 832 0. 887 0. 899 0. 879
YOLOv5s+Diff-CBAM Mosaic 0. 863 0.978 0. 882 0.908 0.917 0. 888
YOLOv5s+Diff-CBAM CutOut 0. 865 0.982 0. 836 0. 894 0.920 0. 885
YOLOv5s+Diff-CBAM CutOut+Mosaic 0. 879 0.983 0. 894 0.919 0. 922 0. 897
1.0
0.8
50 E
2 —= 010749 3 —=—01 0879
Iy 0.4 02 0.987 Iy 041 020.983
' —v— 03 0.887 ' —v— 03 0.894
—o— All classes 0.874 —o— All classes 0.919
oal mAP@0.5 0al mAP@0.5
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(a) YOLOvSs (b) YOLOVS5s +Diff-CBAM
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Fig. 18 Comparison curves of Precision-Recall
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Fig. 19  Detecting results before and
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Table 5 Comparison of network main module ablation experiments
Diff-CBAM ES — FE-CSP APO. 5 Precision Recall Frame/s
Bilinear CA ol 02 03 mAP

X X X X 0.749 0. 987 0. 887 0. 874 0.915 0. 856 74.9
X vV X X 0.748 0.986 0. 885 0. 873 0. 899 0. 868 138. 8
Vv X X X 0. 879 0. 983 0. 894 0.919 0.922 0. 897 56.5
Vv Vv X X 0. 881 0. 985 0. 884 0.917 0.919 0. 884 86.3
Vv vV Vv X 0. 885 0.984 0. 888 0.919 0.922 0. 895 84.8
VvV v x 2 0. 886 0.981 0.909 0.925 0.923 0. 907 78.6
vV 4 vV vV 0. 889 0. 982 0.913 0. 928 0. 930 0. 908 77.4
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Fig.20  Precision-Recall curve of improved model
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Table 6 Comparison of different object detection algorithm performance

Net Augment Backbone Size/MB Frame/s mAPO. 5/%
Faster-RCNN — ResNet50 108.7 8.4 83.5
YOLOv4 Mosaic CSPDarkNet53 238.5 21.2 87.1
YOLOv4-tiny Mosaic CSPDarkNet53 22.3 79.6 84.9
YOLOv5Sm Mosaic CSPDarkNet53 42.2 68.3 88.8
YOLOv5s Mosaic CSPDarkNet53 14.1 74.9 86.4
Ours CutOut+Mosaic ESNet 8.6 77.4 92.8
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Fig.23  Tool detect images of continuous frames
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