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Recognition Algorithm of Welding Assembly Characteristics Based on Convolutional Neural
Network
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Abstract In order to realize the intellectualization and automation of welding and assembling technology for high-speed white
body.the problems of small feature area and multi-background interference in welding process are solved,a novel fast recognition
algorithm of welding assembly based on migration learning and convolution neural network is proposed. Firstly, the traditional
image processing algorithms such as binarization are used to determine the rough position of the feature to be extracted. On this
basis ., Sobel, corrosion and Hough line detection are used to determine the precise position of the feature area. Secondly.consider-
ing the different performance of feature regions in different environments.a classification model based on convolution neural net-
work is adopted to enhance the robustness and accuracy of the prediction model. At last, Visual Geometry Group Network
(VGG16) based on transfer learning is selected to solve the problem that the number of the samples is not enough to train the pa-
rameters of the whole model. The experimental results show that the recognition algorithm proposed in this paper can accurately
identify the state of profile,and the detection speed is better than YOLOV3,and the accuracy is inferior to YOLOV3. The algo-
rithm can meet the real-time requirements in the use scene.

Keywords Transfer learning,Convolution neural network (CNN) , Fast feature recognition, Hough line segment detection, Visual
geometry group network(VGG16)
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Fig. 1 Intelligent high-speed rail body-in-white assembly quality

detecting device
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Three types of profile splicing states to be tested

Fig. 2
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Fig. 3 Flow chart of rapid identification method for welding assembly
features based on traditional image processing and deep

learning techniques
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Fig.4 Input image binarization result
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Fig.5 Preliminary capture of images
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Fig. 7 Sharpen and corroded images
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Fig. 8 Hough detection and interception of images
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Table 1 Convolutional neural network parameter map
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Fig. 10 Hough detects straight line results and their captured

pictures
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Fig. 11  Second input picture
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Fig. 12 Accurate interception map, preliminary interception map

training model loss value and accuracy
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Fig. 13 Template matching algorithm group 2 input picture
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Table 2 Test results of two algorithms
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