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Cost Function Based on Generalized Region Loss and its
Application in Image Segmentation

ZHANG Kai, YU Yibin

(Department of Intelligent Manufacturing, Wuyi University, Jiangmen 529020, China)

Abstract: Aiming at difficult samples in image segmentation, a new cost function of generalized region loss is proposed; Firstly,
a parameter is introduced to change the previous method of focusing on difficult samples by setting weights or Focal in the cost func-
tion. Secondly, label image and prediction image are divided into several regions, and difficult samples divided into four regions are
classified and focused. Finally. the absolute losses of four regions are calculated respectively. and then the weighted combination is
carried out; In order to verify the performance of the algorithm, the CamVid data set is used as experimental data. The cost function
is verified on the FCN and U-Net image segmentation networks. Compared with 12 cost functions commonly used in the current image
segmentation field, the IOU index is increased by 1. 93% and 2. 99 % respectively, which proves that this cost function is superior to

most image segmentation cost functions; The final experimental results show that the proposed cost function based on pixel segmenta-

tion can effectively improve the accuracy of image segmentation and provide a reference for the research of image segmentation.
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