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Results: Good, but not perfect
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Lots of Issues

e More than two classes
e Automatic choice of T
« Use of features other than gray value

* Imposing “geometry” on the segments
(no holes, connected, not too big, ...)

 Local thresholds rather than global
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Otsu Adaptive Threshold Algorlthm

 Basic ideas
— Separate pixels into two classes

— Want pixels in each class to be as “similar”
as possible

o Similarity: measured by variance of
histogram

— High variance: spread out histogram
— Low variance, very compressed histogram
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Means and Variances

0(i) Mean = 2.8
Variance = 0.75
- Std Dev = 0.87
o i
Mean = average value of Variance = average spread
the histogram about the mean

‘ : 2 .
(= Zzp(z) 0% = Z (Z - :u) p(L)
Standard deviation = square root

of variance
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Variances and Histograms

Var = 0.0016
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Back to Otsu

e Choose threshold to minimize the variance within the
two classes

SO0, we need to compute the variances of each class
as a function of T

« Compute the Otsu variance for every possible T (e.g.,
0, 2,3, ..., 255)

e Choose that threshold for which the Otsu variance iIs
minimum
 EXxercise In statistics
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Otsu Stats

Probability of being in class 1 and 2

255

a(T)=> p(i) @)= Y pl)

=0 i=T+1
Ay L T ] Conditional means of class one and two
T . 255 .
L. pli) - - p(i)
T pi(T) = ;qu(T) pa(T) = i:zT;Ll LQQ(T)

Conditional variances of class one and two

d p(i) p(3)
oH(T) =Y (i — m(T))? o3(T)= Y (i— (D)’

i=0 0. (T) i=T—+1

Total variance
o*(T) = q1(T)o{(T) + q2(T)o3(T)
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Otsu at Work

Fall 2007
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Otsu at Work (cont.)
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Otsu - My Initial Guess
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Matlab Topics

e Otsu’s approach Is the basis for the
Matlab function graythresh
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