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Image Segmentation Based on Saliency and Pulse Coupled Neural Network

WANG Yan XU Xian-fa

(College of Computer and Communication, Lanzhou University of Technology,Lanzhou 730050, China)
Abstract Aiming at the problem that complicated images are interfered by background,an image segmentation method
based on saliency and pulse coupled neural network (SPCNN) was proposed. Firstly, with the saliency filtering algo-
rithm and the method of maximum between-class variance, the saliency map and the object image are obtained. Based on
this, the interference which comes from the background for the initial seed point selection is eliminated. Secondly. ac-
cording to saliency values in saliency map,the most saliency region is captured and the initial seed points are produced.
Finally, the operations of object image segmentation are achieved via the improved RG-PCNN model. The experimental
segmentation results of the gray natural images are obtained from the Berkeley segmentation dataset and ground truth
database. There are three evaluating indicators:consistency coefficient(CC) ,similarity coefficient(SC) and integrate co-

efficient(IC). The experiment results show that the proposed model has better performance in terms of CC,SC and IC

comparing with pulse coupled neural network (PCNN) ,region growing model (RG) and SPCNN,
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Fig. 3 Pulse behavior of neurons with intensity of 10
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Table 1 Parameters setting of experimental images
2 H EH & E Mihreshold a
A 6Ca) 7.3401 0.28 2.3
 6(b) 7.3490 0.25 2.0
A 6(c) 7.6638 0. 20 1.8
E 6(d) 7.0877 0. 30 1.5
H 6Ce) 7.7343 0.18 3.0
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Fig. 6 Gold standard images
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Fig. 7 Segmentation results of PCNN
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Fig. 8 Segmentation results of region growing
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Fig. 10 Segmentation results of SPCNN
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Table 2 Comparison of image consistency coefficient CC

o F H 1R PCNN Region Growing RG-PCNN SPCNN
 6(a) 0.5149 0.5676 0.5789 0.9187
 6(b) 0. 8094 0.9068 0.9060 0.9106
H 6(c) 0.7265 0.7262 0.7266 0.7315
g 6(d) 0.6935 0.4596 0. 4094 0.9043
H 6Ce) 0.7459 0.7883 0.8692 0.8713

23 EMREM Jaccard MRIPE R E SC B X EL

Table 3 Comparison of image Jaccard similarity coefficient SC

o E g PCNN Region Growing RG-PCNN SPCNN
A 6Ca) 0.6733 0.6526 0.6574 0.9248
F 6(b) 0.8399 0.9148 0.9141 0.9180
H 6Cc) 0.7852 0.7851 0.7862 0. 7884
A 6(d) 0. 5850 0.6492 0.6287 0.9126
H 6Ce) 0.7974 0.8253 0.8844 0. 8859
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Table 4 Comparison of image integrate coefficient IC
2 H AR PCNN Region Growing RG-PCNN SPCNN
 6Ca) 0.6467 0. 6052 0.6149 0.8496
6(h) 0.6789 0.8295 0.8282 0.8359
A 6Cc) 0.5705 0.5701 0.5726 0.5767
F 6(d) 0. 6057 0.6983 0.6574 0.8253
FH 6Ce) 0.5948 0.6506 0.7687 0.7719
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