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Fig.1 Deep learning-based method for pixel-level crack recognition
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Table 1 Comparison of PBX crack identification perfor-

mance obtained by five networks

Model A F, MloU train time / s

U1 0.9858 0.9858 0.9720 227

S1 0.9934 0.9934 0.4281 157

u2 0.9954 0.9954 0.2570 90

U3 0.9885 0.9885 0.2500 86

E-D 0.9887 0.9887 0.3300 170

Note: A is classification accuracy, F, is F1 score, MloU is mean intersection

over union, Train time is the time required for each epoch of the mod-

el training.
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Table 2 Performance comparison between U1 and tradition-

al model
method CDR Aol A MloU RCA
Otsu 0.9605 0.7684 0.7971 0.6882 42.2368
PC 0.9990 0.7992 0.9811 0.9633 4.1578
U1 0.9570 0.9656 0.9936 0.9873 0.7585

Note: CDR is crack detection rate, Aol is classification accuracy of the im-
age, A is classification accuracy, MloU is mean intersection over

union, RCA is relative crack area.
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Fig.6 Recognition results of PBX subtle branch cracks using various methods
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Fig.7 Results of different methods on the crack width of PBX minor branches
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PBX Crack Pixel Level Recognition Method based on Deep Learning

LV Liang-liang'*, ZHANG Wei-bin', LI Gong-ping’, PAN Xiao-dong’, ZHANG Cai-xin', YANG Ya-fei', ZHANG Cui'
(1. Institute of Chemical Materials, CAEP, Mianyang 621999, China; 2. School of Nuclear Science and Technology, Lanzhou University » Lanzhou 730000,
China)

Abstract: The performance and dependability of PBX are significantly impacted by internal cracks. Accurate crack identification
and quantitative analysis are crucial to evaluate the performance of PBX. Currently, the ability to identify and quantitatively ana-
lyze internal cracks of PBX needs to be further improved. Consequently, research on a deep learning-based method for PBX
crack identification was conducted. Based on the popular deep learning networks, five different deep learning network structures
were designed. This study aimed to compare the effects of network type, connection style, and pre-trained models on the recog-
nition of PBX cracks. Internal crack images of PBX were obtained by CT technique. The training dataset of network was construct-
ed using these crack images. The crack dataset was used to train five different types of networks. The performance of five net-
works was assessed based on Accuracy, F,, and MloU. Select an outstanding network for PBX crack recognition and training
based on the findings. The results indicate that, U-Net outperforms Seg-Net in pixel-level crack recognition and the Concatenate
operation preserves more features compared to the Pooling Indices method. The pre-trained model (MobileNet and ResNet) can
improve the training speed of the network, but its crack pixel-level recognition performance is reduced. The proposed method
was applied to identify PBX crack, achieving pixel-level recognition. The results include a crack detection rate of 0.9570, a sin-
gle pixel recognition accuracy of 0.9936, an MloU of 0.9873, and a relative crack area of 0.7585, demonstrating superiority
over traditional image segmentation methods.

Key words: PBX;CT images;deep learning;pixel level crack recognition
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