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FCM clustering segmentation algorithm based on pixel mutual relationship

Zhou Youhang, Liu Hanjiang, Zhao Hanyun, Zhao Yu

(School of Mechanical Engineering, Xiangtan University, Xiangtan 411105, China)

Abstract ; Aiming at the problems that traditional fuzzy C-means (FCM) algorithm does not consider the mutual relationship among pixels
and requires to obtain the initial cluster center when dealing with image segmentation, the paper proposes a FCM clustering segmentation
algorithm considering the relationship among pixels. Firstly, the algorithm adopts the principle of data field, uses the mutual relationship
among the pixels to calculate the potential values of the pixels and form the image data field. Then, the initial cluster center of the FCM
algorithm is determined with the image data field potential center. Finally, based on the image data field, the FCM algorithm is used to
realize the clustering segmentation of the target image. In order to verify the effectiveness of the algorithm, the artificial synthetic image
and the workpiece surface defect image were used for experiments. The experiment results show that the algorithm has better segmentation
effect. Meanwhile, for different noisy images with streaks, decarburization and hole defects, the segmentation accuracies are above 93% ,
and has a high mean structural similarity.

Keywords :image segmentation; data field; fuzzy C-means; surface defect
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Fig.3 Image acquisition platform
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Table 1 Comparison of segmentation accuracy (SA) and

mean structural similarity ( MSSIM)
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Fig.6  The original defect images
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Table 2 Initial cluster centers of defect images
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Table 4 Comparison of mean structural similarity (MSSIM)
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Table 3 Comparison of segmentation accuracy (SA)
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Fig.7 The segmentation results of noisy image
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Fig.8 The segmentation results of noisy image
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Fig.9 The segmentation results of noisy image
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