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Table 2 Results of the ablation experiment on the improved model

AT P/ % R/ % mAP@ 50/% mAP@50.95/%  B%UE/MB FPS/ (M - s7")
Baseline 87.19 79.71 83. 60 47.13 7.0 120
+SODH 89. 68 81.65 86. 43 48.94 7.4 114
+ CBAM 86. 24 75.33 82.65 46. 09 6.8 125

+ CFFI 85. 42 77.23 83.85 47.42 7.2 118

+SODH + CBAM 88. 47 80. 87 86. 85 48.32 7.5 108
+SODH + CFFI 89.53 81.73 87.32 50.78 8.2 105
HIC - YOLOV5 90. 81 82.67 88.33 51.89 8.4 102

x£3 HREER
Table 3 Comparison test results
el P/ % R/ % mAP@ 50/% ZH &/ MB FLOPs/GB

YOLOV5 87.19 79.71 83. 60 7.00 16.0

YOLOv7 87.75 80. 63 84. 67 36. 49 103.2

YOLOvS 87.01 77.58 84.25 3.01 8.2

YOLOv9 84.45 77.75 83. 81 9.60 38.7

YOLOv11 86. 40 77.70 84.27 2.58 6.3

YOLOvI2 86. 10 75. 81 82. 80 2.52 6.0

HIC — YOLOv5 90. 81 82.67 88.33 8.40 30.6
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Fig.8 Comparison test results
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Research on underground safety helmet detection
algorithm based on HIC — YOLO
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(1 School of Coal Engineering, Shanxi Datong University, Datong 037003, Shanxi, China;
2 College of Mining and Coal, Inner Mongolia University of Science and Technology, Baotou 014010, Inner Mongolia, China;
3 College of Safety Science and Engineering, Xi’an University of Science and Technology, Xi’an 710054, China;
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Abstract: To enhance the accuracy and stable real-time performance of underground safety helmet detection under a unified evaluation
protocol, we propose an improved model named HIC — YOLOvS. Experiments were conducted on the public CUMT — Helmet dataset
released by the China University of Mining and Technology, which was divided into training and test sets at a ratio of 9:1. The model
was implemented and trained using the PyTorch framework with CUDA acceleration. For data preprocessing, Mosaic augmentation was
combined with instance-level Mix Up, random affine transformations, horizontal flipping, HSV jitter, Gaussian noise, and motion blur
to realistically simulate low-illumination and occlusion scenarios. In terms of architectural improvements, a 160 x 160 Small Object
Detection Head (SODH) was added on top of the original three-scale prediction heads of YOLOVS to provide fine-grained coverage for
small targets. A Channel Feature Fusion with Involution ( CFFI) module was then inserted between the backbone and neck to alleviate
semantic loss caused by 1 x 1 channel compression and enhance locally adaptive receptive fields. Finally, a lightweight Convolutional
Block Attention Module (CBAM) was integrated at the end of the backbone to emphasize helmet regions through joint channel-wise and
spatial-wise attention. Experimental results showed that at IoU = 0.5, HIC — YOLOvS5 achieved precision, recall, mAP@ 50, and
mAP@ 50,95 of 90. 81% , 82.67% , 88.33% , and 51. 89% , respectively, with mAP@ 50 improving by 4. 73 percentage points over
the baseline. The model comprises 8.4 MB of parameters and 30. 6 GB of FLOPs, achieving an inference speed of 102 frame/s, thus
establishing a controllable trade-off between accuracy and efficiency. Ablation studies indicated that SODH significantly contributed to
the recall of small objects, while CBAM incurred minimal additional cost but yielded limited accuracy gains. In contrast, CFFI provided
robust improvements in channel-wise semantic reconstruction; the combination of all three modules delivered the best overall
performance. Compared with YOLOv7, YOLOvS, YOLOv9, YOLOvI1l, YOLOv12, HIC — YOLOvS maintained leading comprehensive
accuracy and robusiness with moderate inference speed. HIC — YOLOVS achieves a stable balance between accuracy and real-time
performance under low illumination, occlusion, and densely distributed small-object scenarios, making it suitable for deployment on
edge devices. Future work will focus on further compressing the model via structural pruning and knowledge distillation, as well as
extending it to multi-task collaborative detection without altering the current evaluation protocol.

Key words: safety engineering; mine safety; safety helmet detection; YOLOVS; small object detection head; channel feature fusion;

attention mechanism
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