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A 4 @ (over-segmentation)
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FIGURE 10.47

(a) Electrophoresis
image. (b) Result
of applying the
watershed
segmentation
algorithm to the
oradient image.
Oversegmentation
1s evident.
(Courtesy of Dr.
S. Beucher.
CMM/Ecole des
Mines de Paris.)




A - -|—:I@

A 4 @[ over-segmentation€

V O X T F 3
A ~ [ marker€
Vv X 'y ®r 7
0 Y

e
LL
M

i



ab

FIGURE 10.48

(a) Image showing
internal markers
(light gray regions)
and external
markers
(watershed lines).
(b) Result of
segmentation. Note
the improvement
over Fig. 10.47(b).
(Courtesy of Dr. 8.

IJ'--,--.—-.-

o S Beucher.
e : : CMM/Ecole des
Mines de Paris.)
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Al I ” E snakes
A" rEOSnakes: Active Contour Mod

Snakes: Active contour models
M Kass, A Witkin, D Terzopoulos - International journal of computer vision, 1988 - Springer

A snake is an energy-minimizing spline guided by external constraint forces and influenced
by image forces that pull it toward features such as lines and edges. Snakes are active
contour models: they lock onto nearby edges, localizing them accurately. Scale-space ...

o Y WESIAIREL: 23964 TEXNE BT 47 NMRA 9

Ao el "™ E (level set)
A From Snake to Level Set
A Classical Level Set Model



[ (Kass et al, 1988)
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(Area decreasing/increasing) (Length shortening flow)
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A T-Snakes: topologically adaptable snakes
V Mclnerney and Terzopoulos, 1995

V Ray and Acton, 2003
V Li, Liu, and Fox, 2005
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Level Set without Re-Initialization
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A Li, Chunming et al. "Level set evolution without-isitialization: a newvariationalformulation."IEEE CVPR 2005.
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An instance for calculus of variations:
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Since function / 1s arbitrary, we obtain:

The above equation 1s the Euler-Lagrange Equation.

2

V
Generally, the gradient of functional E(¢) 1s denoted as{agﬁ — V'vaﬂ

algorithm, we get the LEVLE SET evolution equation:
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