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Image Segmentation Method Based on Improved Pulse Coupled Neural Networks
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Abstract In order to implement segmentation of images with multi-object and images with intensity inhomogeneity, this
paper proposed an image segmentation method based on region growing with local coupled neural networks (RG-LLPC-
NN). Firstly, the saliency map of the original image is extracted by using saliency detection algorithm. Secondly, the ob-
ject and the background of the saliency map are coarsely segmented by histogram thresholding method,and centroid of
the object is taken as the initial seed point of RG-LPCNN. In addition,convolution results of Gauss kernel and original
image are used as amplification coefficients to make the dynamic threshold have local characteristics. Finally, the pro-
posed method is utilized to segment images,implementing the segmentation of the images with multi-object and the ima-
ges with intensity inhomogeneity. The RG-LPCNN algorithm is compared with other thresholding segmentation algo-
rithms in natural images and images with intensity inhomogeneity. The results demonstrate that the proposed method has
superior segmentation effect for segmentation of the images with multi-object and the images with intensity inhomogeneity.
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Image with intensity inhomogeneity and GroundTruth image
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Table 1  Objective evaluation index

Wk Recall CcC

o Ostu  #& KW 7% RGPCNN KX % Ostu & A 7 % RG-PCNN &KX 7%
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