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Peakiness Detection Algorithm
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Peakiness = min{H(gi),H(gj)} / H(gk)
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T=gk





(1



(2R1R2

(3R1R2μ1 μ2 

(4T=(μ1+μ2)/2 

(5







(1mm

(2Tij

(3



Double Thresholding
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Global Thresholding
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(Edge Relaxation)

:

ahq0.1

 m=max(a,b,c,q)

 Type(0)=(m-a)(m-b)(m-c)

 Type(1)=a(m-b)(m-c)

 Type(2)=ab(m-c)

 Type(3)=abc

jType(j)

q

b
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e

c

g
f

h



انواع لبه های مختلف
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
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(C0(e))



(1k=1

(2(Edge type)

(3Confidence

Ck(e)

k=k+1

(Edge Relaxation)



(Ck+1)

δ

0-00-20-3(dead end)

Ck+1(e)=max(0,Ck(e)-δ)

1-11-21-3(positive edge confidence)

Ck+1(e)=min(1,Ck(e)+δ)

0-12-22-33-3(weak positive)

Ck+1=Ck

(Edge Relaxation)





Edge relaxation:

(a) Resulting borders after 10 itereations; (b) borders after thinning;

(c) Borders after 100 iterations, thinned; (d) borders after 100 iterations overlaid over original



(Boundary Detection)
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(Boundary Detection)
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(Dynamic Programming)

Contour Following
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End-point
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(Contour Following)
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(Region Growing) 
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(Global)
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(Seed Points)
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(split and merge)
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(Clustering)
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K-means Algorithm
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K-means یک آلگوریتم نمونه

 The aim is to minimize the within-cluster sum of squares. 

- a set of observations (x1, x2, …, xn), 

- to partition n observations into k sets (k ≤ n) S = {S1, S2, …, Sk}

 where μi is the mean of points in Si.
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k
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ij

x
1

2

minarg 



 Assignment: Assign each observation to the cluster with the 

closest mean:

 Update step: Calculate the new means to be the centroid of 

the observations in the cluster. 

 Termination: the algorithm is deemed to have converged 

when the assignments no longer change.

K-means یک آلگوریتم نمونه



1) k =3 initial "means“  are 

randomly selected from the data.
2) k clusters are created by associating 

every observation with the nearest mean.

3) The centroid of each k clusters

becomes the new means
4) Steps 2 and 3 are repeated until 

convergence has been reached

K-means یک آلگوریتم نمونه

http://en.wikipedia.org/wiki/Centroid


K-means Algorithm

Image Clusters on intensity Clusters on color



K-means Algorithm



(Affinity Matrix)
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–(Fitting)
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Hough
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y=mx+c 

(x-a)2 + (y-b)2 = r2
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(x,y)(m,c)

(x,y)(a,b,r)
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Hough
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Hough
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Hough
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A(m,c)



m=tan(θ(x,y))

c= -mx+y

A(m,c)=A(m,c)+g(x,y)g(x,y)

A(m,c)
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