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Light detection algorithm of pyrotechnics based on improved YOLOVSs
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Abstract: Aiming at the problems of the traditional sensor’s late detection of fireworks and its inability to give details of
fireworks, as well as the imbalance between detection efficiency and accuracy of the current mainstream fireworks
detection algorithms, an improved YOLOv5s light detection algorithm for fireworks was proposed. The second
convolutional module in Backbone is replaced with Stem module, which can improve the model’s detection performance
of small target space information and effectively control the total floating point operand. C3Ghost module and Ghost
convolution module are introduced in Backbone and Neck to reduce the number of network parameters and improve the
performance of fireworks detection. In order to distinguish the importance of different features in the process of feature
fusion, a structure of adding learnable weight parameters to PAN is proposed, which significantly improves the average
accuracy of fireworks detection. The experimental results show that compared with the original model, the weight of
the model is reduced from 14.4 M to 10. 2 M, GFLOPs is reduced from 15.8 to 3.7, and the average accuracy is
increased by 1.1%. The improved model has improved the performance of pyrotechnic detection while being
lightweight.
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Fig. 6 Network structure of improved YOLOv5s
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Fig. 8 Training results of different models
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Table 1 The results of the ablation experiment
1LY HHE BRE  mAP@O.5 mAP@O0.5:0.95  FLOPs/G K@ E/ms Weight/M
YOLOv5s 0.772 0.718 0.761 0.422 15.8 11.7 14. 4
YOLOv5s_Stem 0. 80 0.713 0. 765 0.425 4.5 10.0 14.2
YOLOv5s_Ghost 0.776 0.724 0.763 0.419 12.8 11.5 10. 3
YOLOv5s_Weights  0.775 0.724 0. 769 0.428 15.8 11.7 14. 4
YOLOv5s_All 0.798 0.719 0.772 0. 429 3.7 11.1 10. 2
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Table 2 Comparison with other networks

4 WEMR  FEE  mAP@O0.5 mAP®@0.5:0.95 FLOPs/G  #&#F/ms  Weight/M
YOLOv3-tiny 0.666  0.618 0. 649 28. 8 12.9 3.0 17. 4
YOLOv5s-M 0.731  0.675 0.72 0.38 11.3 11.6 10. 4
YOLOv5s-S 0.719 0. 67 0.712 0. 363 8.0 11.9 8.0

Hk[14]-YOLO_MC  0.795  0.721 0.774 0.429 24. 8 12.7 18.8
k15 0.786  0.718 0. 768 0. 427 16.1 12.0 14.5
YOLOv5s 0.772  0.718 0.761 0. 422 15. 8 11.7 14. 4

YOLOv5s_All 0.798  0.719 0.772 0. 429 3.7 1.1 10. 2
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