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Abstract. During the welding process, the quality of the weld can be monitored by
observing the morphology of the molten pool. However, interference such as arc light
and spatter can affect the extraction of the molten pool morphology. This paper
proposes a method for molten pool segmentation based on a lightweight convolutional
neural network. First, a molten pool image acquisition platform was set up, and 292
images were collected. Secondly, a lightweight fully convolutional neural network
(FCN) and a Deep Feature Aggregation Network (DFANet) were constructed. The
experimental results show that among the FCN models, FCN-8 has the best
segmentation performance. After using the Deep Feature Aggregation Neural
Network, its segmentation performance was further improved. The accuracy of this
network is 99.88%, the accuracy of the molten pool category is 92.17%, the
intersection over union (loU) for the molten pool is 85.89%, and the average loU is
92.89%. Compared to FCN-8, it has improved by 3.37% in the average loU metric.
The use of DFANet for molten pool morphology extraction has practical promotion
value.
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Figure 1. Schematic diagram
of MAG welding pool
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Figure 3: Single Object
Annotation Diagram
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Figure 5. Comparison of network segmentation performance under different upsampling structures
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Table 1. Comparison of Network Segmentation Performance
with Different Upsampling Structures

BRRE ACC (%) CPA (%) loU (%) MloU (%)
FCN-8 99.84 90.28 79.21 89.52
FCN-16 99.78 84.57 75.42 87.60
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Table 2. Segmentation Performance of Deep Aggregation
Neural Network (DFA)
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Figure 6. Segmentation results of the molten pool by DFANet
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