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Research and Application of Dynamic Recognition Model for
Blast Fragmentation in Open-Pit Mines

HUANG Lei', TAO Ming®, LIU Yulong', LUO Zhao®, XU Yuanquan®
(1.CGNPC Uranium Resources Co., Lid., Beijing 100048, China; 2.School of Resources and Safety Engineering,
Central South University, Changsha 410083, Hunan, China)

Abstract; For rapid and automatic recognition of blast fragmentation in the Husab Mine in Namibia of Africa, a dynamic
recognition model was proposed for blast fragmentation in open-pit mines. By acquiring stereo images through a binocular
camera and constructing a depth map, in combination with an improved YOLOv8 instance segmentation model, the
classification of gravel and fragmentation analysis were realized. Moreover, transfer learning, ROI extraction, and
shadow data augmentation technologies were all adopted to optimize the model, enhancing its recognition accuracy in
complex environments. The model training results show that the optimized model can achieve a precision of 0.375, a
recall of 0.600, and an accuracy of 0.300. This model exhibits strong robustness in extremely complex scenes of open-pit
mines, and is capable of successfully detecting most effective rock blocks from high-noise and high-interference
backgrounds. Field measurement data indicate that the model can operate stably in environments with high dust and
dynamic lighting, achieving a recognition accuracy of 85% for effective rocks on site, and the error of the fragmentation
distribution curve is controlled within 8%. This model provides reliable technical support for the efficient evaluation and
intelligent detection of blasting effects in the Husab Mine.
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Fig.2 Collected images ( some)
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Fig.4 Binocular camera imaging model
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Fig.5 Flowchart of Wilkes algorithm
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Fig.6  Flowchart of fragmentation recognition model
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Fig.8 Shadow data augmentation
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Table 4 Evaluation indicators of YOLO series models
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Fig. 10  Confusion matrices of base model and optimization model
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Table 6 Parameters of OAK-D-W-PoE binocular camera
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Table 7 Parameters of industrial computer
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Fig. 12 Field test
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Fig.15 Comparison of model 3 before and after optimization
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