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Casting CT image segmentation algorithm based on deep learning
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Abstract: The existing methods for segmenting CT images of castings with weak edges have problems of difficulty, low precision and poor
robustness. To address these issues, this article proposes a U-shaped network segmentation algorithm that fuses residual module and
mixed attention mechanism. Firstly, the algorithm is based on U-Net. The deep residual networks ( ResNets) is established as the
backbone of the network to solve the inadequate feature extraction capability of the original U-Net. Then, the improved hybrid attention
mechanism is introduced, and it characterize the target region and the channel to improve the network sensitivity. Finally, a new loss
function (FD loss) combining Focal loss and Dice loss is used to mitigate the negative effects of sample imbalance. The performance of
the algorithm is evaluated by using the 120 valve body dataset. The experimental results show that the pixel accuracy (PA) and
intersection over union (IoU) of the proposed algorithm for casting segmentation reach 98. 72% and 97. 40% , which are better than the
those of the original U-Net and other mainstream semantic segmentation algorithms. This work provides a new idea for the weak edge
segmentation problem.
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Fig. 1 Diagram of ResNets architecture
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Fig.2  Diagram of CBAM architecture
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Fig.5 Segmentation results for different algorithms
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Table 3 Experimental data for different algorithms

Jrik BHR/M  PEIERE/FPS PA/%  ToU/%
HRnet 9. 64 6.8 96. 48 93.97
DNLnet 47.60 6.6 96.64  94.24
SegNext 4.22 7.6 96.75 94. 61
DeepLabv3+ 42.21 6.2 96.86  95.01
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Fig. 6 Segmentation results of generalization experiment
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Table 4 Experimental data for ablation experiments

J5 ik PA/% ToU/%

U-Net 96. 01 94. 01
U-Net+CBAM 97.83 96. 04
U-Net+CBAM+ResNets 98. 58 96. 94
U-Net+CBAM+ResNets +FD loss 98.72 97. 40
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Fig.7 Results of ablation experiments
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