W 87-24-3 -2 135

’

3

|
—

o] 4

i

ol G A odshel 45

(Performance Analysis of the Image Segmentation
Using an Intensity Histogram)
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Abstract

In this paper a characteristic of image which can be segmented based on the thresholding
technique using a histogram was investigated employing 3 parameters : the variance of pixel
value, the average mean difference between target and background and the target size. The
threshold value for the histogram segmentation was determined by applying the hypothesis
testing theory. The performance of the selected threshold was evaluated by computing a
probability of error. Since a priori probability can be easily obtained from the histogram, it
was found that the Bayes decision rule which theoretically guarantees the minimum probability
of error works better than the minimax criterion rule.
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