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Abstract

The traditional pulse coupled neural network model can not get an effective segmentation effect
when the image object with weak boundary and low contrast is segmented. The main reason is
that the decay time constant of the dynamic threshold is fixed and the decay speed is fixed, when
the weak boundary is segmented, it is difficult for the output pulse signal to accurately describe
the target region, resulting in false segmentation. In order to solve this problem, the Harris matrix
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is used to obtain the gradient information of the image, especially the gradient information of the
weak boundary. It is proposed that the decay velocity of the dynamic threshold is related to the
gradient information of the image. When the gradient information is large, the decay velocity of
the dynamic threshold is fast, when the gradient information is small, the decay velocity of the
dynamic threshold is slow, and a new definition of the dynamic threshold is given. Simulation ex-
periments on weak edge and low contrast images show that the proposed algorithm is superior to
the traditional pulse coupled neural network model.
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Figure 1. Segmentation of dandelion images
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Figure 2. Segmentation of meerkats images
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