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Chapter |

INTRODUCTION

Background of Medical Image Processing

Images areghe main source for people to obtain and exchange information, in recent
decades, image processing and pattern recognition technokrgydevelopedrapidy. Digital
image processing technologgs also been expandddedical image processing is omeportant
branch Along with the rapid development of medical imaging technology, compided
diagnosis becomemore viable These technologies enable physicians and researchers to better
understand the anatomy of the humadybthrough virtual interain, and tomakebetter diagnose
and develo@ppropriate treatmest

Image processing tecigues include image restoratjioimage reconstruction, image
enfancement and image segmentation. Medical image processmtying feature extraction,
guantitatie analyss and identification technologkias become a popular research fielis
electronic technology anoinage processing theory devetogrt, the use of image processing

technology to achieve automatic identification and analysiseafical images beconaehievable.

Background of the Sudy

According to [1], he glomerular basement membrane (GBM) is the extracellular matrix
component of the selectively permeablenggoular filtration barriethat separates the vasculature
from the urinary spac@ he passage of various endogenous proteins atre&BM was studied

in normal MunichWistar rats!®



Statement of the Problem

Theexactpassag®ef endogenous albumin in the GBMs not yet been determinéual [5],
the site of the filtration barrier for various plasma proteins in normal Muhistar ratswas
revealedHowevert he met hod taken in [5] is by removi ng

reflect thesituation of living animals withenal blood flow

Content of this paper

In this paper, a method based on image processing is introttuestimatethe site of
retention of endogenous albumin daa molecular weight dextran

Chapter Il introducethe preprocessingpplied to themages, including basic concept of
linear filter and noslinear filter and the differences between these two methods.

Chapter Il introducethe active contour model and its variations, including the comparison
of different models.

Chapter IV introdicesa methodor estimatinghe site ofretention of endogenous albumin

andlow molecular weight dextran basedthe active contour model.



Chapter Il

IMAGE FILTERING

Background

Image noisés random variation of brightness or color informatiomiages Image noise
may occur in the capturing atftetransmission process of the imag@gpicaltypes ofimages noise
are Gaussian noise, sahdpepper noise andPoisson noise Usually image restoration
technologiesre applied teheimages to reduce the effect of noise.

Filters play a major role in thenagerestoration process. The basic concephefilter is
digital convolution Let"Q"@Qis the inputimagesubjected to filtering, an®"@Qis the filtered

output.The autput can be expressed in form as

"Q"AQ Qo w Q ohQ o P

wherew is the filter functionThe function above represents a digital image convolution process.
The filter actslike a moving mask replacing thecentervalue in the mask with the result of

convolution. Thdotal output $ created by a series of shifiultiply-sum operations

Linear Filter
Whenw is a linear function, the filter becomes a linear filter.general,a linear filter

smooths an image by filtering out higher frequency of images, thus reduces the noise.


https://en.wikipedia.org/wiki/Image

A typical linear filter isthe mean filter.It reduces the intensity variati@mongadjacent
pixels. The mean filter is a window spatial filter thats as a mask.is implemented on the basis
of equation (1)The maskis a squareUsually the sum of the coefficients of the mask is sét to
so thatthe averagentensityof the image is not alterefligure 1 is a mask for mean filtevhose

sum of coefficierg equals to 1.
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Figurel. A 3 x 3 mean filter mask

The mean filteris effective tothe salkandpepper noise. Anean filter is a low pass filter
that allowsonly thelow frequent information to pass the filter asttienuateshe high frequency
information Larger mask likey v orx x makes the image less noisyt more blurred 1t 6 s
tradeoff between noise redigt and imagelefinition.

Anothertypicallinear filter isthe Gaussian filterThe Gaussian filteis similar to themean
filter, but it uses a differemhaskthat represents th@aussiarfunction [

In 2-D, an isotropic Gaussidiiter has the form:

"0 o P Q- C


http://homepages.inf.ed.ac.uk/rbf/HIPR2/mean.htm
http://homepages.inf.ed.ac.uk/rbf/HIPR2/mean.htm
http://homepages.inf.ed.ac.uk/rbf/HIPR2/kernel.htm

Its distribution is shown in Figur2.

Figure2. A Gaussian filter

A Gaussiarfilter blurs animage,in a similar way tdhemean filter The degree dflurring
is determined by the standard deviatjoaf the Gaussian.

In contrast to theniformly weightedoropertyof the mean filtera Gaussiaffilter provide
acentral weighted average of each pixel inside the mask. The closer the pixel is to the cemter of th
mask, the more weight it gains. Thus, a Gaussian fil@rides a lesser smoothing and preserves

the edges betté¢han a same sized mean filter.

Non-linear filter

A nonlinear filteris a filter based oa nonlinear filter function. One of the popular non
linear filter isthemedian filter.

A standardmedian filteris a nonlinear filter based on statistic3he center pixel of the
mask is replaced by the median value of all pixels in the ndaskedianfiltering output can be

expressed as


http://homepages.inf.ed.ac.uk/rbf/HIPR2/mean.htm

iy @ QMG W ORI 6 o

where'Qafwo iQadto are the original image and tfittered image respectively, W is thmask
function. The mask size i ¢ (n is usually an odd number like 5 or 7 and efthge mask shape
may be inear, square, circular and so 6h.

The unweighted median filter treats each neighbor equally, and may lead to morphological
artifacts like rounding sharp corners and removirig structured® To address this problem,egh

weighted median filtehas been introduced@he weighted median filter output is

Qay A Q® GOQw W BN © T

where the weight "@Qdepends on an imag@hat can be differerftom"Q

Edge Preservation of NorLinear Filter

The Inear filter tend to blur the edgeswhile the nontlinear filter like the median filter
preserves the edge location. Because of this, linear filter are seldom used in practice for noise
reduction?

Figure 3illustrates the edge preservation feature thfe median filter.With increase in
windows sizethe mean filter blurthe edge, whilehemedian filter presensthe edge locatiofor

both window sizeequally



Mean Filter Median Filter
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Figure3. Anlllustration ofedge preservation feature of median filter. In the first two column, withease irwindows size

mean filter blurred the edge, while median filter preserved the edge loctidyoth window sizes equally



Chapter IlI

ACTIVE CONTOUR MODEL

Active contour model

The ative catour model also known as snakeigin from the paper by Kass. et &), is
a widely used method in computer vision for delineating an object edge from 2D image.

The main idea of the active contour is definingoatinuity spline (surface) close to the
region of interesfROI), thendeforming the spline undéne forces of internal energy and external
energy(minimizing the total energylo obtainthe ROI boundary The internalforces usually
provided by the spline itselfend to smooth the splin@he image forcesusually providedy the
image,push the snake towatde desiredmagefeatures like lines, edgehe external constraint
forces usually provide by user or advanced computer vision algordh&responsible for putting
the snake near the desired local minimwifith 0 @ wi hai representing the active

contour locationthe energy functional can be written as

whereO represert the internal energy of the splin®, represerd the image forces, and

‘O represenexternas constraint forces.



The internal spline energy can be written

0O -&OiDis -1iDis -] i —i G 6)

Thespl i ne ener gy i-0sr dceormptoesrend cod n tar oyloldetd
term controlled byp( s ) .  -Dbrdes tersroordrals the continuity of thepline The seconébrder
term controls the curvature of thgpline SettingU ( ® )zero makes the spline the fisder
discontinuouswith intermittent.S et t i n g hé¢ksshe shakesezordorader discontinuous
and develomg a caner.

We define themage brce ofthe active contouas'O 1O . The imageforce is the
driving force of active contougenerally provided by the image itséfhenthe contouris close
to theROI, such agdgesthe total energ{D reacheshe minimumvalue

The simplest useful imagenergy functioris the image intensity itself. If we sét
"Oufd then theactive contouwill be attractedo lines.

If we setO U'0ch s then theactive contouiis attracted to contours with large

image gradientsuch as edges

If we setO $O zn "Oufo s, where'O is a Gaussian function of standard deviation

., then the active contois attracted tdhezerocrossingf "0 z 1 "Ocfwd which defines edges
as pemarri Hildreth theory.

An active contour that minimizes enef@y  must satisfy the Euler equation

Gio i 1Ti0 i 10 0i @ om @

by

L


https://en.wikipedia.org/wiki/Zero_crossing
https://en.wikipedia.org/wiki/Marr%E2%80%93Hildreth_algorithm

This can be viewed as a force balance equation

whereO wiv i Tiv i andO nNO Ui
To find a solution to ()} the snake is made dynamic by treatiras function of timeas

well asi .

Giov i Tiv i no GO W

Then, the partial derivative ofwith respect t@is then setgual to the left hand side of

(7) as follows

4, (Vi' V-l) "?&(Y i V) i'bl(iv 2- 2iV'1 -iV) +

. (10)
'Zbi(vi-l '2\{ V'i) rblr(y 2iV'1+ v 2)1' (E('B’!/:(l)) 0
whereOQ 10 I @OQ 10 T Q mpwMBHR p.
The Euler equation can be transform to a matrix form as:
0w 0 1 PP
0w 0 m P C

10



where A is diagonal matriasin figure 4defined by coefficient and :

- oo
r T oo

(13
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where® FrQRy T Q| FQ D g ¢Q| TQ, Qis sampling interval in x
and y direction in image space.

The equation @ and 11can be represented as

0w O r @ pT

0w O r w ) pu

whereT is thedamping factor, equation can then be simplifiecfinjte-difference methodmto

the final contour:

W O I Orw O PO

W Ol Orm O P X

wherel is identity matrix
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Figure5 showgheiteration process ofreactive contourThe left figure igheinitial contour.

The middle figure is the iteratioesultevery 5 steg The right figure is the result of 250 iteratson

Figure4. Iteration process ddictive contour model. The left figurethe initial contour. The middle figure is the

iteration resultevery 5 step. The right figure is the result of 250 iteration.

Comparing to other image edge detection methtiusactive contour model has the

following advantage

1) The constraits of image dag, initial estimationtarget contouand a priori knowledge
can be unified ito one feature extraction press. Ater properly initialized, it can
convergeo the energy minimurautomatically.

2) Due to thaobustness to noise and intermittent border padiattive modelacomplete,
closed targetontour can be obtainedthout the target bhieg divided into several small
areas

3) Integration of advanced information that at the beginning of the extraction process will
focus on the desired target extractiowl from coarse to fine to minimizing energy can
greatly expandethecapture zone and reduce the computational compléitgjt can

dramatically reduce the amount of computation

12



4) The active contour model is restrictedto target trait and is adaptive target trag
changelt can also be used target trackingandcomplex target contour extraction

Due to its own characteristidbe traditionakctive contoumodelhassome limitations.

1) The profile curvecan easilyto fall into a concaveregion thus failsto detect a higher
curvature concave Camirs.

2) Gradient force fields sensitive tdheinitial contour, thustirequires an initiatontour
providedclose tathe targetontour

3) Computationbcomplexity is relatively high

4) It cannot handlerofile spliting and merging and does not have topology change

capdoility.

Balloon Force

In the traditional active contour model, with@mexternal force, the counter will eventually
shrink to a point or a line due to the internal force. Aftsotraditional active contour model has a
relatively small capture range, thatas, active contowvhich is not close enough targetss not
attractedby them.Suppose that an initial contour is placed inside a black rectangle with white
background. #Zen though the black rectangieovides perfect edgetheinitial active contour will
still shrink and vanish due to the lack of image force inside the black rect@mgemethod to
overcome thgroblem of capture range in traditional active contour model is tthesgaussian
blur with a larger standard deviatipn however it blurs and distorts the edgedso due tothe
balance of the internal forcenly pointswith large image energy agble to affecthe evolving of

the active contour.

13



Due to these behaviors, a more dynamic active contour modeftagucel in [4]. The
active contour is now considered as a balloon that we inflate. A pressure force pushing outside was

added to the previous force from an initalentedcontour The force’'Onow becomes

- Y]
O Q¢ i 'Q—no pyY

wheret i is the normal unitary vector to the curve at poirit and'Q is the amplitude ofhe
balloonforce.If Q is negative, it willdeflate instead oinflating. Parameter®) andQare choosen
such that they are of the same order, which is smaller than a pixel siZ8isasiightly larger than

"Q so an edge point can stop the inflationce. The active contour is still attracted to the edges as
before. But since there @pressure force, the contour now will expand instead of shrinking even if
there is weak or no image forc&dso with the help of the internal force, the contour will pass
singularedge pointsvith regard to the rest dfie contour is being inflated.

As described in [11], &lloon force model added a pressure force to the traditional potential
force. The extra force covers the image points where traditional potential force is insufficient, thus
increases the capture range of active contour model. However, the balloon foocdydae set to
one direction, either shrinking or expanding. Furthermore, the strength of the pressure force is
difficult to set. For target with neaniform edges, if the pressure force is too small, it may not
overcome the weak edges and noises, atloeifpressure force is too large, it may overwhelm

legitimate edge forces.

14



GVF Snake Model

One of the problem dhetraditional active contour is that, without proper initialization, it
may fails to capture the concave regidrigure 6 shows an example where the traditional active
contour method fails to capture tbencave region of thearget. The left top figure is the gradient
field. The right top figure is the initial contour. The left bottom figurthesiteration procss. The

right bottom figure is the final contour.

Figure5. An example of traditional active contour model. The left top figure is the gradient field. The right top figure is the initial

contour. The left bottom figure the iteration process. The g bottom figure is the final contour.

An external force fieldhamedgradient vector flow (GVF) fields introducedy Chenyang

et al.l*Yto solve the problemstatedabove As described in [11]hie GVF field points toward the

15



object boundary when very near to the boundary, but varies smoothly over homogeneous image
regions, extending to the image borddre GVF field improveshe capture range tie traditional
active contour model, and unlike balloon force, the initial aantan be set at either side of or even
across the object boundary. AIBYF field can lead the contour into concave regions.

An edge mapQafto with larger values near the image edges is derived from the

image’Oafty . Accordingly, we can use

"Qaodd 0 ofw P W

where’Q plchofé it,’'0 o is one of the external force defined as

0 o QOuws (20)

0 o 90 afw 2 0o S (21)
0 G "Oadd (22)

0 v O afw z "Oufto (23)

The edge mapQatwo has three basigroperties. Frst, the gradient of the edge map is
normal vectors pointing to the edge. $cond, these normal vetors are larger near the edges.
Third, in homogeneous regior&uit is constantthusn "Qis zero

The gradient vector flow (GVF) fielis then definedo be the vector field ¢

6 afwo o afo  that minimizes the energy functional

.t 6 0 b 9B 1RGO T

16



where Qs the edge map, Qs the gradient field cQ Whenn"Gs small, a smooth field generated
by the first term of the energy functiowhenn"Qis large, the second term dominatesehergy
function and is minimized by setting 1°Q The parameter is a weight adjust parameter
between the first term and the second tershould be increased when the noise level increases

GVF can be found by solving the following Euler equations

‘Mo 6 QT Q m qu

SR R o B o R o S 1 C

whereQ T M ®»'Q T M «In homogeneous regiofishere’Qait is constant)gradient of
"Qaf is zerg which makes the second term zeFberefore, within these regionBVF fill in
from the boundaries of the region. This is the reason that GVF points into the concave regions.

Equations 2Z5) and @6) can be solved by treatiigandv as functions of time and solving

6 ofufd  nsad 6 ad R 0RWH  0dm  oX

o offp N0 0 Rdn oRdd  Rdm ¢y

The steadystate solution (a8© H) of equation (27) and (28s the desired solution of the Euler

equationsZ5) and @6).

After we compute’l ¢hw , potential force 1O in equation (9) is then replaced

byl afto, yielding

~ ~

wihb o i Te i Cw
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The following example shows the advantagthef>VF snake module in capturicgncave
regionscomparing to traditional active contour model. Fighshows the same object we tried to
capture using traditica active contour method. The left top figure is the gradient field. The gradient
force extended to the entire image. The right top figure is the initial contour. The initial contour is
defined relatively far from the target object. The left bottom figsitee iteration process, it takes
250 times iteration to capture the object. The right bottom figure is the final contour and it captures

the recessed area of target object.
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Figure6. An example of GVF snake model. The left top figure is the gréidienThe gradient force extended to the
entire image. The right top figure is the initial contour. The initial contour is defined relatively far from the targét Dingeleft
bottom figure is the iteration process, it takes 250 times iteration towapthe object. The right bottom figure is the final

contour and it captures the recessed area of target object.



VFC Snake Model

Althoughthe GVF modelsolves the problem that the traditional active contour fails to
converge taoncave regiog) it requires a large amount cbmputatiorand issensitivity to noise
Also the parameters are difficult to set up.

Vector field convolutior{(VFC) active contour model introduced in [8] is an active contour
modelusing the VFC field as the external for¢ae VFC field ishe convolution result of the edge
map and the Vector Field Kernel which is simitarthe gravity vector field. The VFC active
contour model has a larger convergence area than the traditional active contour model and is able
to convergeto the concave area8lso the VFC active contour modegquires less amount of
computation than GVF model and is robust against noise.

By replacing the standard external foige O nO O bythe VFC fieldQ 71 ,

the iterativeactivecontoursolutionbecomes

— " %io i Tiv i Q 060 (30)

TogetQ OGO , we first define a vector field kern@afto 6 afwh aw as

Qo & doé o op

whered 6w is the magnitude of the vector athwy andé ¢ is the unit vector pointing to the

kernel origin it

19



E o “h (32)

except that fm T, wheredk @ @ is the distance from the origii free particle
placed in the kernel field is able to move to the kernel oridite that the kernel origin is not the
origin of the image or the edge map.

The VFC external forc® ofto o6 chowh  ahw is given by calculating the
convolution of the vector field kern&aifto and the edge ma@ahn generated from the image

~

QW QA 2 QA TQad 26 oo RQAm 20 oo oo

Since the edge mapahu haslargervaluesnear theargetedgeswhile is close to zero in
the homogenous regigrthie VFC externdborce will attract free particles to the edges.

Usually the effecbf VFC field force should decrease as the distance between the particle
and edges increases, thusafto should be alecreasing positive function of distance from the

origin. Two typesof magnitude functions aggvenin [8] as

wherel and, are positive parametexontrolling the decreasing speedis a small positive

constant to prevent division by zero at the origin 610 .

20



An example discrete vector fiek#trnel is demonstrated in Figure 8

N
~
~
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~
~
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s

Figure7. An example discrete vector field kernel

After we find theVFC external forcéQ 6o, we calculate the equation {38s in the
traditional active contour model

The VFC snake model converges faster than the GVF snake rroéiglre 9 the VFC
snake model is applied to the object we discuss#tkitraditional active contour and GVF snake
model. The left top figure is the gradient force of the image. The right top figure is the initial
contour. The left bottom contour is the iteratfmocess, it takes 125 iterat®for the VFC snake
model to capture the target object conagkto 250 forthe GVF active snakenodel. The right
bottom figure is the final resulthe VFC snake model works well withe concaveegionsasdoes

the GVF sna& model.

21



Figure8. An example of VFC snake model. The left top figure is the gradient force of the image. The right top figure is
the initial contour. The left bottom contour is the iteration process, it takes 125 itesdtiothe VFC snake model tagture

the target object compaedto 250 for GVF snake model. The right bottom figure is the final result.

The VFCsnakemodelis also robust to noisén figure 10, a comparison of GVF and VFC
is made betweetihe GVF andthe VFC snake model in a noisgage.In the left figure, the itial
contour and contour aft&0 iteratiors usingthe GVF snake model. The mid figure tise intial
contour (thedashed linpand the contour after a 60 iteraswsingthe GVF snake model. The right
figure istheinitial contour and the contour after 60 iterasiasingthe VFC snake model. We can
see thathe VFC snake modetuccessfully captures the target after 60 iteratwamse the GVF

snake model failed to converge under the influence of the.noise

22



Figure9. A comparison betwee@BVF and (& under the influence of the noidéde left figure is the initial contoufhe
mid figure ighe initial contour (the dashed line) and the contour after a 60 iteratissingthe GVF snake model. The right

figure isthe initial contour and the contour after 60 iteratismsingthe VFC snake model.

23



Chapter IV

ESTIMATION OF PROFILES

Background

The images oGlomerular Capillary Wal[GCW) were obtained by confocal microscopy
opeiting on living rats includindpoth proteinuricand nonproteinuricgroups. In the scanning
procedure, two channels of images (low molecule channel and high molecule channel) were
obtainedlmages are i®12 512tif format with gray level from 0 to 409%Ve want to estimate
the intersity profile along th&sBM.

Figure 1l is a pair of sample scanned images. The left image iswhmolecule channel

result and the right is the high molecule channel result.

merular Capil

GBM

owman's Spaq

FigurelO. A pair of sample scanned images. The left image is thentwlecule channel result and the right is the high molecule

channel result.
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Preprocessing

The scannedsCW imagescontain significantine artifacts. As in figurell, the bright
horizontal line artifacts only appears at the inner boundary of the capillary wall. These artifacts

occurduring the scanning process due to the blood flowing inside the capillary wall.

The scanned images are degraded by horiziomeadrtifacts and other nois€hese artifacts
are caused by blood flow ®lomerular Capillaryluring image acquisition process. A filter needed
to be applied to reduce the noise and smooth the image. Since we wémadtedbe profile along
the GBM the edgenformation is vital to the accuracy of the result. Trauson-linear filter with
its edge preservation advantage will reduce the noise level asdrpethe edge information of
GBM. In our cas@median filter was applied to reduce the image noise.

Weapplied different sizes of median filter. Figuid theimage brightnessross the GBM
estimated otheoriginal image. Figur&3is ona3x3 median filtered image. Figuitdis ona5x5
median filtered image. Where CH2 represehée low molecule chamh and CH3 represent the
hi gh molecule channel. We can see thatthavi th 3]
right part of the curve) are smoothed. To minimize the effect of theemélier on the image while

reducingthe noise, we chogbe 3x3 median filter to preprocess scanned images.
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Average result for Ch2 and Ch3
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Figurell. Profile cross the GCW estimated on original imaga single point
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Figurel2. Profile cross the GCW estimated on 3 x 3 median filtered image at a single point
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08 Average result for Ch2 and Ch3
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Figurel3. Profile cross th&CW estimated on 5 x 5 median filtered image at a single point

Figure B is the images of the two channels after applying the 3x3 medianTitedeft

figure is the low molecule channel image, the right figure is the high molecule channel image.

Figurel4. Both channels images after applying 3 x 3 median filter. The left is the low molecule image, the right is the high
molecule image.
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Estimation of GBM Location

To estimate the location tdie GBM, two methods were proposed. One of them is to extract
the edge of th&lomerular Capillarynterior wall. The other one is to extract thesition of the
darkest point of the GBM which can be done in low molecule channel inreg#ten apply the
edge location to high molecule channel images.

From figure 5 we can see that even aftére median filter, the line artifacts ithe
Glomerular Capillarys still affecting the boundanso the alternative method which is to extract
theposition of thedarkest point of the GBM would work well in our case.

The position of darkest point of the GBM is not constdeas an edgéut due to the
flexibility of active contour model, we can still define the image force @&ty , sothe active
contour modetanconverge to théocal minimumpixel. Frst we define an initial active contaur
This contoutis sampld aboutevery 2 pixelsAs in figure B, we manuallyset the initial contour
along the GBM.

We let the active contour iteradd®0 times. For the internal force, paramgtés set to 0.05,

I is setto 0.01. Every iteration we resample the contour to make sure it is evenly distributed.

A result of estimating the position of darkest point of the GBM is shown in figure 17. The

left figure is the active contour result after 500 iterations on the low molecule channel image. The

right figure is the same result displayed on high molecule channel image.
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Figurelb. Initial contour along the GBM

Figurel6. A result of estimating the position of darkest point of the GBM. The left figure is the active contour result after 500

iterations onthe low molecule channel image. The right figure is the same résylayedon high molecule channel image.
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Estimation of Profile across the GBM

We sampled amnd the estimatklocation of GBMto obtain the density profile on both
high and low molecule imageBhe profile is obtained by interpolating normally to the final active
contour on both direction. Theterpolation is ipixel-width for atotal 100 pointsThe sampling
procedure was applied on a certain area of B @ndtheresults were averaged.

Figure B shows an example afgoad sampling position.

Figurel7. An example of sampling position

Figure B shows a sampling map.
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Figurel8. Sampling map. It was sampled normally to the final active contour on each direction for 50 points.

Theaverage resulh figure 19 is shown in figure 20The blue curve is the low molecule

channel (CH2)esult and the red curve is high molecule channel (Céek)it.

07 Average result for Ch2 and Ch3
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Figurel9. Average of the sampling result
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A flow chart of the extraction procedure is describetigure21.

Apply 3 by 3 median filter to
the image

Set the initial active contour
around the capillary wall

v

Let active contour evolve
500 times

Sample the image to the
normal of the final active
contour

Calculate the average of
sampled data

Figure20. The flow chart of estimating the profile across GBM

Estimation Result

We measured 5 images franmon-proteinuric set and 5 images fraproteinuric setThe
average result of each image is shown in fi@#do figure 32In each figure the right top figure
is the final active contour on low molecule chanf@&H2), theleft top figure is the final active
contour on high molecule chan{€H3), the right bottom figure is the sampling mapd thdeft

bottom figure is thaverage result.

32



Active contour on Ch2
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Active contour on Ch2
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