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Abstract

In the classical pulse coupled neural network (PCNN) model, when the internal activity of the

XESIH: & — MO A R B Ik R A R AR )], HELNLRL R S R, 2021, 11(8): 2029-2034.
DOI: 10.12677/csa.2021.118207


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.118207
https://doi.org/10.12677/csa.2021.118207
http://www.hanspub.org

e

neuron is larger than the dynamic threshold, the output pulse is used to segment the image target.
When segmenting the image target with weak boundary, the decay time constant of the dynamic
threshold is fixed, and the decay speed of the dynamic threshold is too faster or too slower than
the theoretical decay speed, which affects the comparison between the internal activity term of
the neuron and the dynamic threshold, and sends the wrong pulse signal, resulting in the pheno-
menon of false segmentation. In order to solve this problem, this paper makes use of the sensitivi-
ty of human eyes to image brightness to make the decay rate of the dynamic threshold consistent
with the sensitivity of human eyes to brightness, and proposes to take the weight coefficient of
human eyes brightness as the decay time constant of the dynamic threshold, and obtains the new
dynamic threshold. By comparing the images with weak boundary, irregular target and overlap-
ping area between target pixel and background pixel, the experimental results show that the pro-
posed algorithm is better than the classical pulse coupled neural network model.
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Figure 1. Background luminance sensitivity threshold
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Figure 2. Segmentation of ravens images
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Figure 3. Segmentation of dandelion images
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