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Boundary Detection using Adaptive Bayesian Approach
to Image Segmentation
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Abstract

In this paper, an adaptive Bayesian approach to image segmentation was developed for boundary detection.
Both image intensities and texture information were used for obtaining better quality of the image segmentation
by using the C programming language. Fuzzy c-mean clustering was applied for the conditional probability density
function, and Gibbs random field model was used for the prior probability density function. To simply test the
algorithm, a synthetic image (256 X256) with a set of four gray values (50, 100, 150 and 200) was created
and normalized between 0 and 1 n double precision. Results have been presented that demonstrate the effectiveness
of the algorithm in segmenting the synthetic image, resulting in more than 99% accuracy when noise characteristics
are correctly modeled. The algorithm was applied to the Antarctic mosaic that was generated using 1963
Declassified Intelligence Satellite Photographs. The accuracy of the resulting vector map was estimated about
300-m.

Keywords : Bayesian approach to image segmentation, Fuzzy c-mean clustering, Gibbs random field, Antarctic
coastline
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Weight Mean Variance Weight Mean Variance
1 0.251561 49.434998 59.762581 0.250363 49.950577 15.893703
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&8 M &L (confusion matrices)

# classes | 1 I 2 3 | 4 | User %
[Image corrupted with Gaussian white noise]

1 16359 0 20 0 99.88

2 9 16369 3 6 99.89

3 16 0 16359 0 99.90

4 0 15 2 16378 99.90

Producer % 99.85 99.91 99.85 99.96 65536
Accuracy 99.8916 Kappa 0.998556

[Image corrupted with multiplicative speckle noise]

1 16384 0 20 0 99.88

2 0 16382 0 127 99.23

3 0 2 16364 9 99.93

4 0 0 0 16248 100.00

Producer % 100.00 99.99 99.88 99.17 65536
Accuracy 99.7589 Kappa 0.996785
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