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Critical ductile fracture criteria(C)values
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Fig. 5 Result of neural network 3 layers 10 neurons
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Fig. 6 Result of neural network 3 layers 50 neurons
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g. 4 Result of neural network 3 layers 6 neurons
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Fig. 7 Result for reduced data of neural network 3
layers 6 neurons each at epoch 200000
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Fig. 8 Result for reduced data of neural network 3
layers 50 neurons each at epoch 200000
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