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Abstract In order to accurately extract structured light stripes from weld images in the complex noise environment,
we proposed a deep learning model combining semantic segmentation with object detection to detect the weld
images. In the semantic segmentation branch, the model was optimized by adding parallel downsampling modules
and reducing the number of convolution kernels to increase the detection speed, and the feature extraction parts of
this branch and the object detection branch shared the weights. Aiming at the problem that the proportion unbalance
of structured light stripes and background pixels in the weld images caused the model segmentation results to be
biased towards negative samples, we introduced a Dice coefficient into the loss function to correct the model. The
experimental results show that the proposed method can achieve the extraction of structured light stripes with high
accuracy on the basis of ensuring real-time performance.
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Fig. 3 Weld structured light stripe images. (a) Image 1; (b) image 2; (c) image 3
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Fig. 5 Weld images. (a) Original image; (b) annotated image of segmentation
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Table 2 Prediction speed and accuracy of each branch

Frame rate /

Model Taw/% Laa /% Mean 10U /% AP /% Time /ms
(frame+s ')
Branch-seg 99. 74 87.81 93.78 S 40 25
Branch-dec — — — 97. 40 17 59
Total-result 99.74 87.81 93.78 97.40 42 24
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Fig. 6 Prediction results for each branch. (a)(b) Original images; (c¢)(d) results of Branch-dec; (e)(f) results of

Branch-seg; (g)(h) total results; (i)(j) ground truth
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Table 3 Performance comparison of different loss functions
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Table 4 Performance comparison of different networks
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