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Abstract To ensure the safety of workers during production operations, the wearing of personal protective
equipment is of vital importance. Deep learning-based object detection technology can identify PPE at low
cost and high speed, but it faces the challenge of reduced recognition accuracy in complex backgrounds and
scenarios with multiple types of PPE. To address this issue, this paper proposes a high-performance detec-
tion model, SCASFF-YOLOQO, which integrates two key improvements on the basis of YOLOv10s: first, it
introduces the SC-PSA (Spatial Channel- Pyramid Squeeze Attention) module, which enhances feature ex-
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traction capabilities through a spatial and channel collaborative attention mechanism; second, it combines
an adaptive spatial feature fusion module in the detection head and incorporates depthwise separable convo-
lution to optimize multi-scale feature fusion, thereby improving the detection performance of multiple
types of PPE while reducing computational load. Experiments have demonstrated that the proposed model
achieves the highest detection accuracy among current similar methods on the CHV dataset, providing a
new solution and application prospects for the intelligent detection of multiple types of personal protective
equipment,

Keywords personal protective equipment; YOLQ; spatial and channel synergistic attention; adaptive
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Tab.1 Ablation experiment

N YOLOV10s  SC-PSA DS-ASFF C /M F/G P R M3, M, g
1 J - - 8.07 24.8 0. 886 0. 849 0. 896 0. 558
2 NG NG - 7.86 24. 4 0. 908 0. 844 0. 906 0.562
3 N, N NG 13.7 32.5 0. 938 0. 841 0.913 0. 567
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Tab. 2 Performance comparison of different detection models

Model P R M, Miso-g0
Yolov8s 0.921 0. 837 0.903 0. 561
Gold-YOLO 0. 884 0. 829 0. 876 0. 551
DAMO-YOLO 0. 871 0. 828 0. 862 0. 537
MambaYOLO 0. 896 0. 831 0. 885 0. 545
Ours 0.938 0. 841 0.913 0. 567
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Fig. 6 Visualization of the detection results of SCASFF-YOLO in different scenarios on the CHV dataset
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