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Abstract: In response to the challenges of detecting explosive fragments, such as small size, dense distri-
bution, diverse shapes, and significant environmental interference, as well as the high computational complexity
and difficulty in deploying existing deep learning methods on edge devices, a lightweight YOLOv5s detection
framework is proposed based on multi-module collaborative optimization (EGM-YOLOv5s). The aim is to

simultaneously address three major issues: weak representation of small targets, high model redundancy, and
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insufficient localization accuracy. Firstly, to overcome the limitations of small sample fragment datasets, a
multimodal data augmentation strategy integrating geometric transformations and noise simulation (dust and
photoelectric interference) is designed to enhance the model's generalization and robustness. Secondly, three
targeted optimizations are implemented at the algorithm architecture level: an efficient multi-scale attention
module is embedded at the end of the backbone network to enhance the extraction of texture features of small
fragments through cross-channel interaction and spatial feature aggregation; the standard C3 structure in the
neck network is replaced with the C3Ghost module, significantly reducing computational complexity and
parameter count through lightweight feature reparameterization; and a minimum point distance intersection over
union loss function is innovatively introduced in the detection head to improve the localization accuracy of small
targets by directly optimizing the distance between the corner points of the predicted bounding boxes.
Experiments show that the EGM-YOLOv5s model achieves a detection accuracy of 93.7% mAP50 and a high
detection frame rate of 47. 4 fps on an edge-level GPU (GTX1650) device using the target plate fragment
dataset. Compared with the original YOLOV5s, the speed is increased by 80. 9%, the computational complexity
is reduced by 10.8%, and the model parameters are reduced by 8.7%. This solution effectively balances
accuracy and speed, significantly reducing the reliance on high-performance hardware, providing an effective
lightweight model support for deploying high real-time explosive damage assessment systems on edge computing
devices, and verifying its engineering applicability in real-time assessment scenarios of dynamic explosive
damage sites.

Key words: YOLOvb3s; object detection; fragment recognition; efficient multi-scale attention
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e} Fl-score EARRE mAP50 mAP50-95  Wi#/(i-s~") 54 /GFLOPs  Z%uit/M
YOLOv5s 0.91 0.630 0.942 0.378 26.191 15.8 6.673
EGM-YOLOv5s 0.92 0.543 0.937 0.367 47.369 14.1 6.092
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Tab.3 Results of ablation experiment

S AR 84 /GFLOPs SR /M mAP50 mAP50-95 i/ (s 1)
YOLOv5s 15.8 6.673 0.942 0.378 26.191
A 16.2 7.013 0.961 0.406 31.775
B 13.7 5.769 0.898 0.325 42.794
C 15.8 6.673 0.953 0.382 26.353
A+B 14.1 6.092 0.912 0.343 43.928
A+C 15.8 7.013 0.971 0.412 26.886
B+C 13.7 5.769 0.901 0.343 42.674
EGM-YOLOv5s 14.1 6.092 0.937 0.367 47.369
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Tab.4 Comparison results with other models
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SSD 0.923 24.372 19.446
Faster R-CNN 0.813 58.023 10.235
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YOLOv5n 0.912 1.436 23.267
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