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QE Term Paper ABSTRACT

Abstract

Medical imagesegmentation, asan application of imagesegmentation, is to extract some

anatomial structures from various medical imagemodalities. Somemajor medical image

modalities include CT (Computed Tomography), MRI (Magnetic ResonanceImaging)

and PET (Positron EmissionTomography). In this paper, weclassifythe existing medical

imagesegmentation techniquesinto several categoriesand give a thorough review of the

related literatures. Their pros and cons are analyzed. Somepossible research topics

are dicussed.Somepreliminary work is also presented and the experimental results are

discussed.
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Chapter 1

In tro duction

1.1 Motiv ation

Medical Imaging technologies,such as CT, MRI and PET, have beenwidely applied to

various medical procedures. Compared to traditional medical diagnosis, they provide

non-invasive yet powerful meansto investigate the internal structures and activities of

human bodies. With the help of such technologies,doctors can obtain multi-dimensional

information such as 2-D slices,3-D volumetric imagesand videosof regionsof interest

(ROI), which facilitates the performanceof both qualitativ e and quantitativ e analysis.

This analysisprovides invaluable information for diagnosisas well as surgical planning,

thus may relieve the pains for the patients to someextent. Somesamplecross-sectional

abdominal CT imagesare shown in Figure 1.2 and 1.4.

Medical imagesegmentation is usually the �rst stepof most analysisproceduresmen-

tioned above. It is alsoa crucial step that determinesthe �nal result of the entire appli-

cation, sincethe rest of the analysisfully relieson the data from this step. For example,

to build a 3-D volumetric model from a seriesof medical images,segmentation in 2-D im-

agesshouldbe asaccurateaspossible;otherwise,the volume of the reconstructedmodel

will be wrong, and visualization of this model will be meaningless.Subsequent medical

processingand analysisstepsmay include quanti�cation, registration, visualization and

computeraideddiagnosis.Regionsof interest may includebrain, bonestructures,vessels,

soft tissues,etc.

Medical imagesegmentation can be usedin variousapplications. For example,in the

1
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application of cardiacdiagnosis,given the segmentation of cardiac tissuesin consecutive

slices,3-D volumetric models of the heart and blood vesselscan be reconstructed. By

modeling the blood 
o w inside, doctors can pinpoint the heart problem and assessthe

risk quantitativ ely. 3-D visualization of heart canfurther aid doctors to makeassessment.

1.1.1 Ob jectiv e

The problem of imagesegmentation can be formulated asfollows. Given imageI = f pi g,

a complete segmentation problem is to determine connectedsubsetRi (Ri � I ), such

that
[

i

Ri = I ; Ri \ Rj = ; (i 6= j ): (1.1.1)

Segmentation is basedon homogeneity of the image characteristics such as intensitiy,

color, texture, or the combination of all theseinformation.

For medical image segmentation, the secondcondition mentioned above is not nec-

essarilymet. For instance, in X-ray images,body structures are sometimesoverlapped.

Figure 1.1 shows such an X-ray image that the contours of somehand bonesare over-

lapped.

This is not the casefor other medical imagemodalities such asCT images,which will

be focusedon in this paper. Hereafter, we will discussthe medical imagesegmentation

problem in the context of CT images.

Broadly speaking, medical imagesegmentation has two sorts of objectives, either to

�nd out regionscontaining certain body structures or to extract the contours of body

structures. For the �rst objective, segmentation is conducted basedon someregional

similarity criteria, such as intensity, gradient, texture and so on. ROIs are normally

treated as foregroundregionsRf and the remainingsare treated as background regions

Rb. The problem formulation under this objective is modi�ed accordingly. The problem

is to �nd region Rf and Rb, such that

Rf [ Rb = I ; Rf \ Rb = ; : (1.1.2)

For the secondobjective, segmentation is conductedbasedon somediscontinuity criteria,

such asedges.The problem is to �nd a set of points C = f ci g, which tightly enclosethe

ROI.

2
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Figure 1.1: X-ray image. Someparts of the bonesare overlapped.

1.1.2 Overview of Main Approac hes

Existing medical imagesegmentation approachescan be roughly categorizedinto manual

segmentation, semi-automaticsegmentation and automatic segmentation.

For the purposeof accuracy, medical imagesegmentation is traditionally done man-

ually, i.e., the ROIs are delineatedby someexports such asexperiencedradiologistsand

doctors. However, manual segmentation method hasat least four disadvantages. Firstly,

it is quite time-consuming. Segmentation of a seriesof 1500-2000transverseimagesof

512� 512pixels usually takestwo to four hours [41]. Manual contouring of multiple axial

imagesis also laborious. Secondly, manual segmentation is subjective. Segmentation by

di�erent experts may vary signi�cantly. For example,a disagreement ratio of 14 � 22%

by experts in brain tumor segmentation was reported in [23]. Thirdly , variabilit y of the

sameexpert under di�erent circumstancesmay also be large. Fourthly, the brightness

and contrast of the display screenwill alsoa�ect the segmentation processand subsequent

analysis[6].

3
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As an alternative, automatic segmentation schemecan partially solve the problems

mentioned in manual segmentation. Firstly, it savesa lot of time of experts by by doing

segmentation automatically in computers. Secondly, it is lesssubjective in the sensethat

given the sameparameters,automatic segmentation schemewill obtain the sameresult

regardlessof how many times it is executed.Thirdly , it will not be a�ected by the bright-

nessand contrast of the display screens.However, medical image segmentation, which

is usually e�ortless and swift for the human visual system,is a considerablechallengein

computer basedautomatic program [4]. The di�culties mainly comefrom four aspects.

Firstly, it is hard to represent domain knowledgein a computer system. The domain

knowledge in this case,is the knowledgeof human anatomy, which is acquired by the

experts through yearsof systematictraining.

Secondly, the shapesof soft tissuesinside the human body are not only complexbut

alsohighly variable, asshown in Figure 1.2(a) and 1.2(b). The shapesof the stomach in

di�erent slicesare di�erent.

Thirdly , large variabilit y in medical imagesmay happen betweentwo di�erent people

as illustrated in Figure 1.3. We composite two CT imagesfrom two di�erent people

together by adjusting the transparencyof the imagein the front.

The fourth di�cult y comesfrom the medicalimageitself dueto the intrinsic properties

of the medical imaging systems. Low contrast and missing information can be seenin

Figure 1.4(a) and 1.4(b). The pixel intensitiesin the boundary regionarequite similar. It

is hard to identify the edgeseven for humans. A traditional boundary �nding algorithm

basedon gradient information will fail in such cases.In addition, like most of the natural

images,noiseexists in medical imagesinevitably. Filters can employed to remove the

noise. However, this is doneat the cost of losing details of the image.

As a trade o� betweenmanual and automatic segmentation, semi-automaticsegmen-

tation algorithms which require human interactions, have beenproposed. Those inter-

actions include putting a seedin the center of the ROI [2], or roughly initialize a close

contour which contains the ROI [22], etc. Semi-automatic segmentation methods, to

certain extent, alleviate somelabor of experts, and ROIs are directly selectedin manual

interactions. However, it can not solve the problems in manual segmentation substan-

tially , sincethe interactions such as initialization may still be quite subjective, and the

4
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(a) (b)

Figure 1.2: Shapevariabilit y of the stomach. (a) and (b) aretakenfrom the samepatient.
White contours represent the stomach part in (a) and (b), respectively. The Shape of the
two contours are quite di�erent. There is even a visible hole inside of the contour in (b).

Figure 1.3: Shape variabilit y of soft tissuesbetweendi�erent people. Two CT imagesare
composited together.

5
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(a) (b)

Figure 1.4: Two CT slicesof onepatient. The areascircled by white contours are of low
contrast, which makesautomatic segmentation di�cult.

interactions may still be a�ected by the brightnessand contrast of the display screens.

1.2 Organization of the Paper

The rest of this paper is organizedasfollows. Chapter 2 includesa literature review cov-

ering someexisting medical imagesegmentation algorithms and their limitations. Some

possibleresearch topics are discussedin Chapter 3. Somepreliminary research and the

experimental results are described in Chapter 4 and Chapter 5 concludesthe paper.

6



Chapter 2

Literature Review

In this chapter, we review somegenericsegmentation algorithms aswell assomeexisting

medical imagesegmentation algorithms.

2.1 Generic Segmentation Algorithms

Existing generic segmentation algorithms can be roughly classi�ed into �v e categories

[32].

1. Thresholding

2. Region-BasedSegmentation

3. Edge-BasedSegmentation

4. Graph-BasedSegmentation

5. Classi�cation-BasedSegmentation

Thesemethods are described and their pros and consare analyzedas follows.

2.1.1 Thresholding

Thresholding [36] is oneof the basicsegmentation techniques. It can roughly be catego-

rized into two, namely global thresholdingand local (adaptive) thresholding, basedon the

threshold selectioncriteria.

7
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(a) (b) (c)

Figure 2.1: Thresholdingof imagewith bi-modal intensity distribution, (a) original Rab-
bit image,(b) histogram of Rabbit, and (c) Rabbit after thresholding at t = 127.

(a) (b) (c)

Figure 2.2: Thresholding of image with multi-modal intensity distribution, (a) original
Lena image,(b) histogram of Lena, and (c) Lena after thresholding at t = 127.

Given an image I , the global thresholding method tries to �nd a threshold t, such

that pixels with intensity value greater than or equal to t will be \classi�ed" into group

1, and the rest of the pixels into group 2. Binary intensity value will be assignedto

pixels in group 1 and 2 accordingly. The computational complexity of this algorithm

is very low. However, global thresholdingassumesthat the intensity of the imagehas a

bi-modal distribution. This assumptiondoes not hold for most of the natural images.

Examplesare shown as follows. The algorithm can perform well on those imageswith

bimodal intensity distribution, asshown in Figure 2.1,while its performancemay be poor

otherwise,which can be seenin Figure 2.2.

To overcomethe shorting-comingmentioned above, several improvements basedon

global thresholdinghave beenproposed.Histogram shape basedthresholdingalgorithms

[7] try to force the multi-modal intensity distributions into smoothed bi-modal distri-

bution. Entropy basedthresholding algorithms [33] try to maximize the entropy in the

thresholdedimage.

8
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As an alternative to global thresholding, local thresholding [37] divides an imageinto

multiple sub-images,and selectonethreshold for each sub-image.

Apart from the bi-modal distribution assumption,thresholding hassomeother prob-

lems. For example, the segmented regions may not correspond to the objects in the

original image. The thresholding algorithms do not consider the spatial relationship

betweenpixels. The segmentation result is very sensitive to noise.

2.1.2 Region-based Segmentation

Region-basedsegmentation algorithms basicallyconsistof split and mergealgorithm [10],

region growing algorithm [2, 47] and watershed algorithm [5, 34, 31, 27, 18].

Split and Merge

In split and merge algorithm, the whole imageis initially consideredas oneregion. This

region will be split into four quadrants [39], if certain homogeneity criterion is not met.

The split processwill berepeatedrecursively until each regioncontains only homogeneous

pixels, asshown in Figure 2.3(a). The algorithm then comparesall the regionswith their

neighboring regionsand mergethe regionsthat are similar accordingto somecriteria, as

shown in Figure 2.3(b)1. The homogeneity criterion is normally basedon the intensity

value of the pixels. Regionswith standard deviation lessthan a threshold are considered

homogeneous.Split and mergealgorithm is computationally fast. Its major drawback is

its insensitivity to the imagesemantics.

Region Gro wing

Region Growing is oppositeto the split andmergeapproach. Traditionally, regiongrowing

algorithm beginswith selectingn seedpixels. Each seedpixel i is treated as a region

A i , i 2 f 1; 2; :::; ng. The algorithm will then try to �nd someneighboring pixels to those

regionsand add the pixels to the original regionswith similar intensities,thereby growing

the regions. An exampleof region growing segmentation is shown in Figure 2.42. The

1From http://www.do c.ic.ac.uk/~dfg/vision/v02.h tml
2From http://www.cse.iitd.ernet.in/~an up/dip/assgn2/segmentation/

9
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(a)

(b)

Figure 2.3: Split and merge algorithm. (a) is the split processand (b) is the merge
process.

10
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(a) (b)

Figure 2.4: Seededregion growing segmentation. (a) is the sourceimageand (b) is the
segmented image.

choiceof homogeneity criterion is crucial for the successof this algorithm. A homogeneity

criterion proposedby Adams et al. [2] is the di�erence betweenthe pixel intensity value

and the meanintensity value of the region,

� (x) = jg(x) � mean[g(y)]j; y 2 A i (2.1.1)

where g(x) is the gray value of the image point x, and x is an unallocated pixel which

is adjacent to region A i . Yu et al. proposedanother homogeneity criterion in [47]. The

idea is to considerthe weighted sum of the contrast between the region and the pixel,

and the gradient information.

The seedpixel can be selectedeither manually or by certain automatic procedures.

Converging Square algorithm [28] was proposed in [2] to automatically �nd the seed.

Converging Squarealgorithm, as shown in Figure 2.5, divides a square image of size

n � n into four (n � 1) � (n � 1) squareimages,and choosethe squareimagewith the

maximum intensity density for the next division cycle. This processcontinuesrecursively

until a seedpoint is found.

Region growing algorithms are fast, but may produce undesired \segments" if the

imagescontain much noise. It is also inappropriate for highly textured images.

Watershed

The watershedalgorithm [5] is anotherregion-basedimagesegmentation approach. It was

originally proposedby Beucher et al. It is a popular segmentation method coming from

11
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S1 S2

S3 S4

S1   S2

S3   S4

Figure 2.5: Converging Square. Each squareof width k is divided into 4 overlapping
squaresof width k � 1.

(a) (b)

Figure 2.6: Watershedalgorithm model. (a) is the sourceimageand (b) is the topological
illustration. Regionswith low intensities in (a) correspond to the catchment basins in
(b), and the region betweenis the watershedline.

the �eld of mathematical morphology. According to Serra[34], the watershedalgorithm

can be intuitiv ely thought asa landscape or topographicrelief which is 
o odedby water,

and watershedsare the dividing lines of the domainsof attraction of rain falling over the

region. The height of each point represents its intensity value, as can be seenin Figure

2.63. The input of the the watershedtransform, generally, is the gradient of the original

image,so that the catchment basin boundariesare located at high gradient points [31].

The watershedtransform has good properties that make it useful for many di�erent

image segmentation applications: it is simple and intuitiv e. It can also be parallelized

[31],and always producesa completedivision of the image. However, it hasseveral major

drawbacks. It can result in over-segmentation, i.e., the segmentation result contains

3From http://www.math works.com/company/newsletters/news notes/win02/w atershed.html
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(a) (b)

Figure 2.7: Over-segmentation of watershedalgorithm, (a) sourceimage and (b) over-
segmented image.

many small regions.The e�ect of over-segmentation can be seenin Figure 2.74. It is also

sensitivity to noise. Moreover, watershedalgorithm is poor at detecting thin structures

and structures with low signal-to-noiseratio [18].

To improve the algorithm, Najman et al. proposedto usemorphologicaloperations

to reduceover-segmentation [27]. Grau et al. [18] encoded prior information into the

algorithm. Part of its cost function is changed from the gradient between two pixels

to the di�erence of posterior probabilities of two pixels given their intensity as prior

information. The authors assumenormal distributions for the objects in the image, so

that Markov Random Fields (MRF) model can be deployed.

2.1.3 Edge-based Segmentation

Edge-basedsegmentation algorithms useedgedetectorsto �nd edgesin the image.

Traditional Sobel edgedetector [17] contains a pair of 3 by 3 convolution kernels,as

shown in Figure 2.8. It calculatesthe �rst order derivatives (gradient) along x and y

directions of the original 2-D image. The magnitude of the resulting edgeis the gradient

of the original image.

Insteadof computing �rst order derivatives,the Laplacian computesthe secondorder

derivativesof the image. Usually, the Laplacian is not useddirectly on the original image,

sinceit is sensitive to noise. It is often combined with a Gaussiansmoothing kernel,which

4From http://www.icaen.uio wa.edu/~dip/LECTURE/Segmen tation3.html

13



QE Term Paper CHAPTER 2.

(a) (b)

Figure 2.8: Sobel kernel pair, (a) kernel x and (b) kernel y.

(a) (b)

Figure 2.9: Canny edgedetection result, (a) sourceimageand (b) edgemap obtained by
Canny edgedetector.

is referredto as the Laplacian of Gaussianfunction.

However, edgesfound by theseoperatorsarenormally disjoint, and cannotcompletely

represent the boundary of an object. Canny edgedetector [8] usesa double-thresholding

technique. A higher threshold t1 is usedto detect edgeswith strict criterion, and a lower

threshold t2 is to generatea map which can help to link the edgesdetectedin the former

step. An exampleof Canny edgedetection result is shown in Figure 2.9.

Edge-basedimagesegmentation algorithms are usually with low computational com-

plexity, but they tend to �nd edgeswhich are irrelevant to the object, and the contours

of the object are often disjointed, i.e. closedand connectedregionsare lesslikely to be

obtained by edge-basedalgorithms.

14
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2.1.4 Graph-based Segmentation

Graph-basedapproach is relatively new in the areaof imagesegmentation. The common

theme underlying this approach is the formation of a weighted graph, whereeach vertex

corresponds to an imagepixel or region and each edgeis weighted with respect to some

measure.A graph G = (V ; E) can be partitioned into two disjoint sets,namely A and

B, whereA [ B = V and A \ B = ; . Graph-basedalgorithms try to minimize certain

cost functions, such as a cut,

cut(A; B) =
X

u2 A;v 2 B

w(u; v): (2.1.2)

Wu et al. proposedthe minimum cut in their workspace[45]. A graph is partitioned

into k sub-graphssuch that the maximum cut acrossthe subgroupsis minimized. How-

ever, basedon this cutting criterion, their algorithm tend to cut small sets of isolated

nodesin the graph, sincethe value of Eqn. 2.1.2 is, to someextent, proportional to the

sizeof the sub-graph. To avoid this bias,Shi et al. [38] proposedthe normalized cut with

a new cost function Ncut,

N cut(A; B) =
cut(A; B)

assoc(A; V)
+

cut(A; B)
assoc(B ; V)

(2.1.3)

where assoc(X ; V) =
P

u2 X ;t2 V w(u; t) is the total connection from nodes in X to all

nodesin the graph. In [43], Wang et al. further improved the graph cut algorithm, and

proposeda new cost function for general image segmentation, namely Ratio Cut. This

scheme is to �nd the minimal ratio of the corresponding sums of two di�erent weights

associated with edgesalong the cut boundary in an undirected graph.

Rcut(A; B) =
c1(A; B)
c2(A; B)

(2.1.4)

where c1(A; B) is the �rst boundary cost that stands for the homogeneity of A and B,

c2(A; B) is the secondboundary cost that standsfor the number of edgesbetweenA and

B. A polynomial-time algorithm is alsoproposed.

Comparedto region-basedsegmentation algorithms, graph-basedsegmentation algo-

rithms tend to �nd the global optimal solutions,while region-basedalgorithms are based

on greedy search. Since graph-basedalgorithms try to �nd the global optimum, it is

computationally expensive. The Over segmentation is alsooneof the problems.
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2.1.5 Classi�cation-based Segmentation

Renet al. proposedto train a classi�er to classify\good segmentation" and \bad segmen-

tation" [30]. The criteria usedfor the classi�cation include texture similarity, brightness

similarity, contour energy, curvilinear continuity, etc. A preprocessingstep which groups

pixels into \superpixels" is used to reduce the dimension of the image. This step is

actually done by applying the normalized cut algorithm [38]. Human segmented nat-

ural imagesare usedas positive examples,while negative examplesare constructed by

randomly matching human segmentations and images.

Fuzzy reasoningmethods are proposedto detect the cardiacboundary automatically

[14, 6]. The Laplacian-of-Gaussianapproach is employed to obtain the zero-crossing

area of the original image. From thosezero-crossingareas,fuzzy set is usedto describe

the direction and transition of intensity values. Fuzzy rules comefrom global knowledge

presented by medicalexperts. A rough boundary regionis obtainedafter fuzzy reasoning,

wherea search operation is followed to get the boundary.

Toulson et al. proposed to use a Back Propagation neural network in image seg-

mentation [42]. The neural network is trained on the set of manual segmented samples.

Therefore, contextual rules can be learned and spatial consistencyof the segmentation

can be improved. Also, expert knowledge can be incorporated into the segmentation

whereboundariesmay not be justi�able basedon intensity information.

Classi�cation-basedsegmentation algorithm requirestraining. The learning parame-

ters are usually set in a trail and error way, which is subjective. The accuracyof this

algorithm largely depends on the selectedtraining samples. Also, classi�cation-based

segmentation algorithm is more tedious to use.

2.1.6 Comparison

A comparisonof generic segmentation algorithms mentioned above is made according

to the information used,performance,computational complexity, whether they are sen-

sitive to noise, whether manual initialization is required, whether training is required

and whether they are easy to use. The results are shown in Table 2.1. Thresholding

algorithm usesthe information basedon singlepixel, while other algorithms mainly use
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Table 2.1: Comparisonof genericsegmentation algorithms.
Thresholding Region- Edge- Graph- Classi�cation-

based based based based
Information pixel patch patch patch patch
Performance depend on over disjoint over depend on

intensity segmentation edges segmentation training
distribution set

Complexity O(n) O(n) O(n) O(n logn) O(n)
Manual Init no yes no no no
Training no no no no yes
Easy to Use yes yes yes yes no

information basedon a local pixel patch. The performanceof thresholding algorithm is

depend on the intensity distribution of images. Edge-basedalgorithm tend to produce

disjoint edges. In addition, all the algorithms have over-segmentation tendency. The

computational complexitiesof thresholding, region-basedand edge-basedalgorithms are

roughly linear, while those of the other two algorithms are higher. All the algorithms

are sensitive to noise. Region-basedalgorithm usually requires manual initialization.

Classi�cation-basedalgorithm requirestraining. Most of the algorithms are easyto use

exceptclassi�cation-basedalgorithm.

The boundaries found by generic segmentation algorithms such as edge detectors

do not necessarilycorrespond to the boundaries of objects. The limitations of edge

detectorsaredueto their relianceon the information comingfrom a local neighborhood of

pixels in the original image. This ignoresboth model-basedinformation and higher order

organization of the image. However, Using models tends to result in a more consistent

solution overall.

2.2 Widely Used Segmentation Algorithms for Med-
ical Images

In this section,we review somespeci�c segmentation algorithms that are widely usedfor

medical images,including the active contour model, level set, active shape model, other

free-formdeformablemodel and atlas-basedsegmentation algorithm.
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2.2.1 Activ e Con tour Mo dels

The Snake[22] model was�rst proposedby Kasset al.. The basicsnake model represents

a contour v parametrically as v = v(s) = (x(s); y(s)), s 2 [0; 1]. It is a controlled

continuity spline which can deform to match any shape, under the in
uence of image

forcesandexternalconstraint forces.The internal splineforcesserveto imposea piecewise

smoothnessconstraint. The imagefeaturesattract the snake to the salient imagefeatures

such as lines, edgesand terminations. The total energyof the snake can be written as

E �
snak e =

Z 1

0
Esnak e(v(s)) =

Z 1

0
[E int (v(s)) + E imag e(v(s)) + Econ(v(s))] ds (2.2.1)

whereE int represents the internal energyof the spline,E imag e represents the imageforces,

and Econ represents the external constraint forces.The internal energycan be written as

E int = (� (s)jvs(s)j2 + � (s)jvsssj2)=2 (2.2.2)

The �rst order term represents the stretching force of the snake while the secondorder

term represents its bending force. The imageenergycan be written as

E imag e = wl ine E l ine + wedgeEedge + wter m E ter m (2.2.3)

The external constraint energyEcon hasmany forms, such asspring energyand repulsion

force.

The snakealgorithm will iterativ ely deformthe model and try to �nd the con�guration

with minimum total energyE �
snak e, which hopefully corresponds to the best �t.

Atkins et al. [3] used the active contour for brain segmentation. The input images

are �rst smoothed, and an initial mask that determinesthe brain boundary. Final seg-

mentation is then performedby the snake model.

The valuesof � and � in the original snake model are chosensubjectively. Gao et

al. [15] proposeda solution to specify their values in automatic extraction of the liver

boundary, several preprocessingsteps are �rst performed on the original images. The

preprocessingstepsinclude i) thresholding to discard pixels whosegray levels are out of

the rangefor the liver; ii) remove the texture and noise;iii) extract and link the edgesby

someedgelinker; iv) segmentation using a modi�ed versionof split-and-merge;v) guess

the initial liver contour. After the preprocessing,the liver boundary is re�ned by snake
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Figure 2.10: Gradient vector 
o w [46]. Left: deformation of snake with GVF forces.
Middle: GVF external forces.Right: close-upwithin the boundary concavit y.

algorithm. In the internal energyterm E int , the valueof � is proportional to the distance

of adjacent control points, while � i is inverselyproportional to the curvature value.

Snake is a good model for many applications, including edgedetection, shape model-

ing, segmentation and motion tracking. However, it hassomeintrinsic problems. Firstly,

the result of snake algorithm is sensitive to the initial con�guration of the contour. Sec-

ondly, it cannot convergewell to concave features. To solve thesestwo problems,a new

external force, gradient vector 
ow (GVF), was proposed by Xu et al. [46]. De�ne

v(x; y) = [u(x; y); v(x; y)], and the energyfunction in GVF is

" =
ZZ

� (u2
x + u2

y + v2
x + v2

y) + jr f j2jv � r f j2 dx dy (2.2.4)

where r f is the gradient of the edgemap f (x; y), which is derived from the original

image. � is a regularization parametergoverning the trade-o� betweenthe �rst term and

the secondterm. When jr f j is small, the energyis dominatedby the �rst term, yielding

a slowly varying �eld. When jr f j is largethe secondterm dominatesthe equation,which

is minimized by setting v = r f . As shown in Figure 2.10, at point A, there is no edge

value. The original snake algorithm cannot \pull" the contour into the concavit y of the

U-shape. GVF can propagatethe edgeforcesoutward, and at point A, there is still some

external forcesthat can \pull" the contour into the concavit y.

GVF is lesssensitive to the initial position of the contour than the original snake

model. However, it is still requiresa \good" initialization. In addition, it is alsosensitive

to noise,which may attract the snake to undesiredlocations.
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2.2.2 Level Set

Snake-baseddeformablemodelcannothandleapplicationswhich requiretopologychanges.

Sethian proposeda level set [35] approach to deal with this problem in one higher di-

mensionalspace.Let � be an initial closedcurve in 2-D. De�ne a 3-D level set function

� (x(t); t), wherex(t) is the path of a point on the propagating front.

� = � (x(0); 0) (2.2.5)

An example3-D level set function is shown in Figure 2.11. Moving � along t can yield

2-D contour at di�erent time t, and the solution of equation� = 0 is the desiredcontour..

The changeof � over time t is derived as follows.

Basedon the chain rule,

� t +
NX

i =1

� x i x i t = 0 (2.2.6)

wherex i is the i th component of x. The summation term is

NX

i =1

� x i x i t = (� x1 ; � x2 ; : : : ; � xN )�(x1t ; x2t ; : : : ; xN t ) = jr � jj x(t)jcos( \r �; x(t)) = F (x(t)) jr � j

(2.2.7)

So,a Hamilton-Jacobi \t ype" equation

� t + F jr � j = 0 (2.2.8)

can be obtained, whereF is the forcewhich givesthe speedof � in its normal direction.

The major advantage of the level set approach is that the level set function � remains

a function while the hyper-surfacemay changetopology, break, mergeand form sharp

corners[24]. However, it generallycannot maintain shape information.

2.2.3 Activ e Shape Mo del (ASM)

The objects in medical images,such asorgans,cells,and other biological structures, are

expectedto havea tendencytowardssomeaverageshapewith a continuum of possibilities

near that averageshape. This tendencycan be taken advantage of by its expressionin

an appropriately designedshape model [40].
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(a) (b)

Figure 2.11: Level set. (a) Two separateinitial fronts (b) The interface topology has
changed,yielding a singlecurve as the zero level set.

Cooteset al. [12] proposedto useActive Shape Models, a statistical model, to locate

structures in medicalimages.Given the training images,a covariancematrix is computed

�rst. The algorithm then applies Principal Component Analysis (PCA) to identify the

eigen-shapes. An arbitrary shape can be represented by the linear combination of these

shapes with di�erent coe�cien ts. Therefore, the model can be deformed by changing

these coe�cien ts. An initial guesscan be obtained by Hill's algorithm [20]. Then an

optimization algorithm such asgradient descent canbe usedto �nd the optimal solution.

Basedon Cootes' model, Wanget al. [44]proposedto usesmoothnesscovariancema-

trix, insteadof the original covariancematrix to remove part of the dependencybetween

points. Thus the shape can vary more freely. A Bayesian formulation basedon prior

knowledgeand the edgeinformation of the input imageis employed to bias the searching

processin a certain rangefor the object boundary. Similar work wasdoneby Gleasonet

al. [16] in detecting polycystic kidney diseasein CT images.

One of the disadvantagesof this algorithm is that it require a lot of training samples.

Also, eigenspacewith small number of eigenshapesmay not generatethe desiredshape,

while eigenspacewith largenumber of eigenshapesmay incur high complexity in �nding

the optimal solution.

2.2.4 Other Free-form Deformable Mo dels

Someother free-form deformablemodels are also proposedin the literature, which can

be categorizedinto parametric models [40, 21, 25] and non-parametric models [19].
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Parametric modelshave the advantage of capturing the overall shape in a small num-

ber of parameters. Therefore the optimization of a match measurebetween data and

model can occur in a low dimensionalspace.

Staib et al. [40] proposeda parametric model basedon elliptic Fourier decomposition

to enhancethe segmentation of natural objects found in biomedicalimages.The boundary

template is obtained by manual segmentation of a set of exemplar images. An object

function which is a measureof �t betweenthe boundary model and object boundary is

maximizedusing maximum a posteriori method.

Mattes et al. [25] proposedto useB-splinesin the local deformation becauseof their

computational e�ciency . Metaxas et al. [26] proposedelastically adaptive deformable

modelsbasedon superellipsoid.

However, parametric modelsmay not have enoughparametersto represent the details

of the shape such as high curvature part.

Non-parametric models useall the pixels on the contour, which can model arbitrary

shapes. Grzeszczuket al. [19]proposedsomestochasticaldeformationalgorithms,namely

\Raindrop" and \Bik e Trail", which can deform the contour stochastically. For each

con�guration of the contour, its energyis computed. To �nd the global minimum energy

of the contour, simulated annealingis introduced. However, the search spacefor optimal

solution is incredibly large.

2.2.5 A tlas-Based Segmentation

Atlas-basedsegmentation hasbecomea standardparadigmfor exploiting prior knowledge

in medicalimagesegmentation [13]. The idea is to construct an atlas basedon someprior

information, and usethis atlas to aid the segmentation of other similar structures in the

low contrast medical images. The prior information can be the contour or surfaceof an

object [11, 1, 29] or somedensity map [41]. Generally, the processof atlas-basedsegmen-

tation is that the atlas is �rst placednear to the desiredcontour by linear or non-linear

global transformation, and then registeredto the input imagesby local transformation

accordingto somemeasureof �t.

Broadly speaking, the construction of the atlas is basedon two kinds of prior infor-
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mation, either a singleobject or multiple objects.

For atlas construction basedon a singleobject, the object itself is treated asthe atlas.

However, such atlas may have several problems. Firstly, the selectionof a single object

as the atlas is arbitrary, and the selectedobject may not be a typical one. Secondly, the

useof atlas basedon a singleobject doesnot contain any information of variabilit y, so it

is impossibleto determinewhether a transformedshape is an acceptableshape.

To solve these problems, probabilistic atlas is proposedin [11, 1, 29], which is the

spatial distribution of probabilities that a pixel belongsto oneorgan[29]. The distribution

of probabilities canbeobtainedfrom a setof sampleimagesasthe prior information. The

activeshapemodel [12], is actually a probabilistic atlas. The disadvantageof probabilistic

atlas is that it requiresa lot of training samplesto model the probability. Moreover, the

probabilistic atlas can be either a uni-model or multi-model. The uni-model has the

limitation to model complexprobability distribution; while the multi-model itself is very

complicated.

2.2.6 Comparison

As shown in Table2.2,a comparisonof di�erent medicalimagesegmentation algorithms is

alsoconductedsimilar to that in Section2.1.6. Most of the algorithms arebasedon curve

information, while atlas-basedalgorithms also employ global image information. The

computational complexity of all the algorithms are high. Apart from level set algorithm,

they can not handle topology change generally. They are all sensitive to noise, while

ASM and atlas-basedalgorithms may be a�ected lessby noise. They are all sensitive

to the initial con�guration of the contours. Generally, all the algorithms require manual

initialization, while atlas-basedsegmentation algorithm requireslessmanual initialization

work. ASM and atlas-basedalgorithms also require training.

2.3 Evaluation

To evaluate medical image segmentation algorithms, the only information available is

boundariesoutlined by multiple expert observers, the averageof which is used as the

ground truth data.
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Table 2.2: Comparisonbetweenspeci�c segmentation algorithms for medical images.
Snake GVF Level ASM Other Free-form Atlas

Set Parametric Non-parametric
Information Curve Global
Handle
Topology no no yes no no no no
Change
Sensitive yes yes yes relatively yes yes relatively
to Noise low low
Training no no no yes no no yes

Similarity Index is �rst proposedby Zijdenbos et al. [48]. The similarity of two

segmentations A1 and A2 can be represented by

S = 2
jA1 \ A2j

jA1j + jA2j
(2.3.1)

This similarity index is sensitive to both sizeand location of the segmentations.

Chalana et al. [9] proposeda methodology to evaluate medical image segmentation

algorithms against the ground truth. Error metric usedin Chalana'smethodology is the

Distance to the ClosestPoint (DCP). Let A = f a1; a2; :::; amg and B = f b1; b2; :::; bm g

represent two curves,whereai and bi are orderedpair of x and y coordinates of a point

on the curve. DCP for ai to the curve B is

d(ai ; B ) = min
j

k bj � ai k (2.3.2)
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Possible Research Topics

Basedon the literature review in Chapter 2, atlas-basedapproach is the most prosperous

onein medicalimagesegmentation. Two possibleresearch topics on atlas-basedapproach

are proposedhere.

3.1 New Form of A tlas-based Segmentation

Atlas-basedalgorithm, especially probabilistic atlas, is a powerful approach in medical

imagesegmentation. It cannot only provide an averagemodel given the training sample,

but alsoprovide the distribution of the model, which can limit the program in a certain

rangeto �nd the optimal solution. However, it is such limitation that will constrainatlas-

basedalgorithm itself. Therefore atlas-basedalgorithm generally can not handle large

shape changesof the body parts causedby somediseases,which are not be represented

by the training sample. So one possibleresearch topic is to combine the probabilistic

approach with other approachessuch assnakeand level set,etc., which yield more
exible

deformation while still under the guidanceof the atlas.

3.2 A tlas Building

Atlas-basedalgorithm is basedon the deformation of the atlas. The quality of atlas will

de�nitely a�ect the performanceof the algorithm. So a good atlas is required. Most

existing literatures put their weight on explaining how the atlas can be used,rather than
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how to build an atlas. This can be a problem when multiple prior training samplesare

available. There aresomepaperswhich proposeto calculatethe meanand the covariance

of the training samplesas the atlas. However, if the training samplesthemselvescontain

complextopologyand largevariances,how to �nd a mathematically \sound" meanis a big

problem. Also, the atlas is generallyobtained by manual segmentation of large number

of sampleimages,which hasall the disadvantagesof manual segmentation mentioned in

Chapter 1, such as quite time-consuming,subjective, inter- and intra-expert variabilit y,

etc. So, the secondpossibleresearch topic is to �nd an good learning approach to build

the atlas from a set of training samples,and with lessmanual work.
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Preliminary Work

In this chapter, we describe somepreliminary work which has been done using atlas-

basedsegmentation. The objective is to implement a robust and automated method of

registering2D deformablemodelsto the 2D CT imagesof human body parts. The body

parts included in this work are liver, stomach, spleenand thoracic aorta.

4.1 Problem De�nition

The problem of automatic segmentation of the soft tissuesin CT imagescan be formu-

lated as a problem to deform the referencemodel contour and register it to the edgesof

corresponding soft tissuesin the target CT images.

� The inputs of the problem: M = f pi g is the control points locatedon the reference

model contour, S is the intensity di�erence distribution alongthe normal of contour

represented by pi in the referenceimage,S0 is the intensity di�erence distribution

along the normal of the deformedmodel contour represented by M 0 = f p0
i g, C =

f qj g denotesthe set of edgepoints in the image, which include edgepoints along

the contour of the soft tissue and possibly other noisepoints, such as edgepoints

along the contour of other soft tissues,noiseedges,etc. Also, somepoints on the

soft tissue contour in the imagemay not be in C becausethey are not prominent

edgepoints.

� The output of the problem: M 0 = f p0
i g is the extractedcontour on the target image,
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which is represented by a deformedversionof M .

We assumethat the input CT imagesalways contain the full view of crosssectionimage

of the abdomen,and the anatomicalstructuresbetweendi�erent CT imagesdo not di�er

too much. We also assumethat the background of the input CT images(outside the

body contour) is mainly black.

The objective of the registration problem is to �nd the deformation D : R2 ! R2,

a�ne transformation T : R2 ! R2 and correspondencefunction f : R2 ! R2 such that

the total error E can be minimized.

E =
1

jmj

"
X

pi 2 m

jjD (T(pi )) � f (pi )jj
2 + �

X

pi 2 m

jjS(pi ) � S0(D(T(pi ))) jj 2

#

(4.1.1)

m � M s.t. jjD(T(pi )) � f (pi )jj < �, for an appropriate prede�ned threshold �, and � is

a constant.

4.2 Algorithm

The main idea is to transform the model contours and make them close to the real

contours in the input CT images.Theseinitial contours are then treated as an input to

the standard GVF snake program and re�ned by the program.

The transformation is taken in two steps, namely global transformation and local

transformation.

4.2.1 Global Transformation

In global transformation, weusea contour tracing algorithm to get the outer body contour

in the target image,which is part of M . We perform 2D-2D registration with unknown

correspondencebetweenreferencebody contour and input body contour using Iterative

ClosestPoint algorithm. After the registration, its transformation matrix canbeobtained

by solving a set of over-constrained linear equations. This transformation matrix is

then applied to the contours of inner body parts. The contours obtained after global

transformation are M 1 = f M 11; M12; M13; M14g, where M 11, M12, M13, and M 14 are
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(a) (b)

Figure 4.1: Global transformation. (a) The model image. (b) The target image. The
white contour is the model contour after global transformation.

corresponding to the contours of liver, stomach, spleenand thoracic aorta, respectively.

The results of global transformation are shown in Figure 4.1.

Global transformation, however, can only help to roughly placethosecontours, which

is normally far from the desiredcontours. A further step, local transformation, is used

to solve this problem.

4.2.2 Lo cal Transformation

Comparedto the global transformation mentioned above, local transformation is to trans-

form the body parts individually. In this work. we categorizedthe four body parts into

two groups based on their sizesand conduct di�erent local transformation strategies

accordingly.

The �rst group includesliver, stomach and spleen,which are relatively large objects

in the input images.For theseobjects, we assumethat the centroid of the contour after

global transformation is insideof the real body parts in the input images.For this group,

the idea is to iterativ ely transform the model contours and make them closerand closer

to the real body parts contours in the input images. To achieve this, several stepsare
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(I0-I1)
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(I2-I3)

(I1-I2)

(b)

Figure 4.2: Intensity di�erence distribution. (a) I 0; I 1; I 2; I 3; I 4; I 5 and I 6 are intensity
valuesalong the normal of the contour. (b) The intensity di�erence distribution is given
by substraction of the intensity valuesof neighboring pixels.

employed.

1. Move the model contour points M 1i = f pij g(i = 1; 2; 3; 4) along the normal of the

contour within somesearch rangeto �nd a list of candidateedgepoints L ij in the

edgemap of the input image.

2. Compute the intensity di�erence of the neighboring pixels along the normal of the

model contour in the referenceimagewith the contour point pij at the center. The

intensity di�erence of the pixels gives intensity di�erence distribution (IDD). A

sampleIDD with length 6 is shown in Figure 4.2.

3. For each point in L ij , computeIDD alongthe contour with the corresponding point

of pi in the input imageat the center.

4. Compute the Euclidean distance between the IDD in the image and the IDD in

the input image of each candidate points in L ij , and select the point qij with the

minimum distancein L ij .

5. A veri�cation step is also carried out by shooting rays from the centroid to the
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selectedpoints qij . If the number of \black" or \white" points along the path

exceedssomethreshold, the points are then discarded(the color of the body parts

is typically \gray" in CT images).

6. With the model contour points pij and their correspondencepoints qij selected

in the previous steps, a transformation matrix can be obtained by solving a set

of over-constrainedlinear equations. This matrix is usedto transform the model

contour.

7. The squareof Euclidean distancesbetweentransformed model contour points and

their correspondencepoints are computedand summedup as the error ei .

ei =
X

j

jj pij � qij jj2 (4.2.1)

8. Iterativ ely perform the previousstepsuntil the error ei is small enough.

The secondgroup includesthoracic aorta, which is signi�cantly smallerthen the body

parts in the �rst group. Therefore,the assumptionwe madefor the �rst group doesnot

hold for it, which can be easilyseenin Figure 4.3. Sincethe shapesof the thoracic aorta

in the di�erent CT imagesare roughly circular with similar size,a circle with similar size

is usedas the model contour. The center of the model circle is placed at the centroid

of the model thoracic aorta contour obtained after global transformation. The circle is

moved in a search window in the edgemap and the Euclidean distance error between

model circle and edgepoints in the input imagesis computed. The position with the

minimum error is selectedto placethe circle.

The model contours after local transformation are shown in Figure 4.3.

4.2.3 GVF Snake

After all the transformations are done, the transformed model contours are fed into the

standard GVF snake program. The snake model is run to iterativ ely deform the model

to re�ne the model contour to better capture the input object contour.
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(a) (b)

Figure 4.3: Local transformation. (a) The white contours are iterativ ely transformed.
The white crossesare selectedcorresponding points in each iteration. (b) The result-
ing contours of local transformation, which will be fed to GVF snake program for the
re�nement.

4.3 Results and Discussion

The �nal segmentation results are shown in Figure 4.4. More segmentation results are

shown in Figure 4.5. As a comparison,segmentation result without local transformation

is shown in Figure 4.6. The �nal contours are more or lessattracted to the wrong places,

which are not desired.

A quantitativ e evaluation is alsoconducted. For the �v e input imagesgiven, the four

body parts in each imagesare manually segmented as the \ground truth" data. They

arecomparedwith the resultsgeneratedby the segmentation algorithm. Similarity Index

proposedby Zijdenbos et al. [48] is usedto evaluate the algorithm's performance. The

results are shown in Table 4.1.

As we may observe, the similarity indicesof stomach in the input imagesarerelatively

low. The reasonis that the proposedalgorithm excludesthe hollow in the stomach, which

is included in the manually segmented stomach. The similarity indicesof thoracic aorta

in the input imagesarealsolower than liver and spleen,while perceptually, thoracic aorta
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Figure 4.4: Final result of input image2. The liver, stomach spleenand thoracic aorta
are enclosedin white contours.

Table 4.1: Segmentation similarity index.
Liver Stomach Spleen Thoracic Aorta

Target Image0 0.973 0.907 0.923 0.896
Target Image1 0.968 0.874 0.921 0.888
Target Image2 0.973 0.864 0.935 0.908
Target Image3 0.962 0.839 0.946 0.886
Target Image4 0.968 0.868 0.923 0.907

is well segmented. This may be due to the intrinsic property, which favors large objects

instead of small objects.

Somefuture improvement can be done by incorporating shape constraints or using

a better model (atlas). Shape constraint can prevent the contour being attracted to

someundesirededge. A better model which is similar to the input imagesrequiresless

initialization work and can attain better segmentation accuracy.
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(a) (b)

(c) (d)

Figure 4.5: More results of di�erent input CT images. (a), (b), (c) and (d) are results
for input image0, 1, 3 and 4, respectively. Livers, stomachs, spleensand thoracic aortae
are enclosedin white contours.

34



QE Term Paper CHAPTER 4.

Figure 4.6: Final result without local transformation. The red contour is supposedto
enclosethe liver part. The yellow contour is supposedto enclosethe stomach part. The
blue contour is supposedto enclosethe spleenpart. The greencontour is supposedto
enclosethe thoracic aorta part. But they are more or lessattracted to the wrong edges.
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Conclusions

In this paper, a thorough review of generic image segmentation approaches and the

approachesemployed for medical imagesegmentation is presented.

The genericsegmentation algorithms are categorizedinto �v e classes,namely thresh-

olding approaches[36, 7, 33, 37], region-basedapproaches [2, 10, 39, 47, 5, 31, 18, 27],

edge-basedapproaches [17, 8], graph-basedapproaches [45, 38, 43] and classi�cation-

basedapproaches [6, 30, 14]. Their algorithms are analyzed. A comparisonshows that

genericsegmentation algorithms are basedon either pixel information or local patch in-

formation. Their computational complexitiesare relatively low. They are usually easy

to use. However, they are all sensitive to noise. They tend to over segment the images.

Moreover, the segmentation results may not correspond to the desiredobject.

The medical segmentation approaches are categorizedinto two classes,namely de-

formable model approaches and atlas-basedapproaches. The deformable model ap-

proachescontain numerousmodelssuch asactive contour model (snake) [22, 3, 15], gra-

dient vector 
o w [46], level set [35,24], active shape model [20, 12, 44, 16] and other free-

form models[40,21,25, 19, 26]. The deformablemodelsare the most popular approaches

currently usedin medical imagesegmentation. Atlas-basedapproaches[11, 13, 29, 41, 1]

are prosperousfor its abilit y to incorporate prior information. Thesemedical imageseg-

mentation approacheshave the advantage of generatingcontinuous contours. However,

they areusually computationally expensive. They arealsosensitive to noise. Snake-based

algorithms are easily fooled by the edgesproducedby noise. In addition, most of them

are sensitive to the initial con�gurations of the contours.
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The review shows that each of the existing methods, by itself, cannot solve the seg-

mentation problem de�ned in Chapter 1. They must be combined together to form a

reasonablesolution. Even within each approach itself, it also incorporates someother

approaches. For instance, the atlas-basedapproaches incorporate deformablemodels to

deform the atlas, the deformablemodel approaches use the edge/regioninformation in

the imagesetc.

The review shows atlas-basedsegmentation algorithm is prosperous. Besidesthe

advantagesof other medical segmentation approaches, it can also provide rough initial

con�gurations of the contours. It can also incorporate probability distribution of the

contours based on a seriesof training data. However, atlas-basedapproach has the

assumption that the model image and input imagesshould be similar. Somepossible

research topics on atlas-basedsegmentation areproposed,either to improve the approach

itself, or to �nd someways to build a \good" model.

A preliminary work is presented in this paper, which is mainly basedon atlas-based

segmentation. The proposedalgorithm tries to initialize the atlas contours by global

transformation and local transformation, and feedsthe transformed contours into the

standard GVF snake program to re�ne the contour. The results show that atlas-based

segmentation approach hasat least the potential to solve the segmentation problemgiven

that the model imageand input imageare similar.
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