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Abstract

Aiming at the problem that the traditional U-Net network model has large parameters and long processing time ,

which cannot ensure the real-time requirements of industrial production, an improved U-Net network method for ar-

gon blowing image segmentation is proposed. This method takes the U-Net framework as the main body and uses the

feature fusion module of the traditional U-Net network to make efficient use of the image feature information. In the

meantime, the depthwise separable convolution method in the MoblieNet network is used to replace the traditional

convolution, which reduces the number of network parameters and calculations, and shortens the time required for

segmentation. Experimental results show that the improved U-Net network has excellent real-time performance while

maintaining accuracy. Compared with the traditional U-Net network, the number of parameters is reduced by 15

times, and the average running time on GPU is reduced by 6 times. The average time for the improved U-Net net-

work to process a picture with a resolution of 224 X224 pixels is 30 ms, which can satisfy the real-time require-

ments of industrial production.

Key words: depthwise separable convolution, U-Net, MobileNet, argon blowing image, image segmentation
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