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Abstract: Defects in laser melting deposition are key problems restricting its development.
Achieving precise automatic identification of defects is a crucial approach to enhance the
application level of laser melting deposition technology. A novel algorithm for extracting the melt
pool’s transient characteristics was presented, and the relationship between transient
characteristics and lack of fusion defects of the deposition layers was found. Moreover, a dataset
of the melt pool’s transient characteristics was established. The mainstream recognition
algorithms were trained and tested, leading to the identification of the most effective model,
ResNet 34. In order to solve the poor fitting training loss effect and slow calculating speed of
ResNet 34, a hybrid LRCN 64 model was proposed combining the traditional convolutional
networks and LSTM (long short-term memory) networks. It exhibited remarkable accuracy and
significant calculating speed. The testing accuracy of the LRCN 64 model reaches 95. 8%,
thereby realizing the identification of lack of fusion defects, which provides valuable technical
support to facilitate online non-destructive testing of deposited parts.

Key words: laser melting deposition; molten pool transient characteristics; lack of fusion;
long-term recurrent convolutional neural network (LRCN) ; residual neural network (ResNet)
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Table 1 Equipment of coaxial powder-delivering
semiconductor laser melting deposition
system
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Table 2 Chemical composition of 316L stainless
steel powder (mass fraction) %

C Mo Ni B Cr Si Fe
0.06 2.28 11.78 0.78 18.51 0.99 Him
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Table 3 Experimental process parameters
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3 50 400 4 0.5 2
4 55 440 4 0.5 2
5 60 480 4 0.5 2
6 65 520 4 0.5 2
7 70 560 4 0.5 2
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11 53 530 5 0.5 2
12 58 580 5 0.5 2
13 63 630 5 0.5 2
14 68 680 5 0.5 2
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Fig. 2 Micro image of lack of fusion defects
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Fig. 3 The fifth set experiment melt pool images
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Fig. 5 Flowchart of the feature extraction algorithm
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Table 4 Parameters and running results of the
traditional models

gk R INZkiE KHE

B %

B R BR% B %
VGG 11  0.001 100 5 84.1 93.9
VGG 16 0.001 100 5 87.8 94.6
ResNet 18 0.001 100 5 88.4 96.3
ResNet 34 0.001 100 5 89.3 97.9
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Table 5 Parameters and running results of LRCN models

A 7o R WgRREU BN BRI RN DIZRAER R % ER /%
LRCN 32 0. 001 100 5 32 98. 1 93.7
LRCN 64 0. 001 100 5 64 99.3 95.8
LRCN 128 0. 001 100 5 128 99. 1 94.4
LRCN 256 0. 001 100 5 256 99. 4 94.9
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Fig. 12 Training and testing results of LRCN model
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Table 6 Model recognition results
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Fig. 14 Comparison of model calculation time
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