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ABSTRACT

In this paper an automatic method applicable to segmentation of mediastinum Computerized Axial
Tomography (CAT) images with tumors, by means déwlating Sequential Filters (ASFs) of Mathematidairphology
and connected components extraction based on consntopology concepts are described. Digital irmagen be related
to topological space structures and then genepalldgy principles can be straightforwardly implerngsh This method
allows not only to accurately determine the aredexternal boundary of the segmented structureslbatto obtain their

precise location.
KEYWORDS: CAT, ASF, Segmentation, Topological Spaces, Comte@omponents
1. INTRODUCTION

Technological development has significantly impmbwagnostic imaging, enabling renal tumor anddeatal
hepatic tumor detection (usually small in sizeyaunger people and with an eventually lower maligr@otential. This
has led to a remarkable advance in interventidainiques such as cryosurgery and radiofrequénlegi@n, preventing.
Notwithstanding this, both cryosurgery and radigérency ablation, through extremely low and high geratures
respectively kill tumor as well as healthy celisndering crucial the identification of tumors wéh extraordinary spatial

accuracy.

The medical image played a pivotal role in theyeddtection, diagnosis and treatment of cancer.eddrtain
circumstances, early detection through medical ingagllows tumor cure or elimination. The new inemtionist
techniques such as cryosurgery and radiofrequebtatien, in some cases, prevent major surgeriesverer, both
techniques, through extremely low and high tempeeatrespectively, kill tumor as well as healthiysgeendering crucial

for the identification of tumors with an extraordiy spatial accuracy.

In CAT imaging, different tissues offer no unifotgniand contain intensity variations. Conventionalage

segmentation techniques rely on pixels propertesgted on an individual basis and hence fail torsad [1],[2],[5].

In the first stage, opening and closing Alternat®eruential Filters (ASFs) are applied based orhbfaatical
Morphology Reconstruction [8]. The advantage of #ind of sequential morphologic filters is todiltthe desired objects
leaving the original shape unaltered. This resultess image distortion [12],[13],[15]. ASFs byd®astruction consists in
opening and closing iterations by Reconstructiothvgitructuring elements of growing size, being seaey to use a
second structuring element in the Reconstructiceratjon. In this way, the regions of the image dbsw meaningful

details remain connected [9].
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In the second stage, an algorithm is applied atbedines of the connected components criteriothenbasis of
continuous topology. Once the connected componargsobtained, the boundary and interior of eachthein are

calculated, so yielding the desired image segmientat

This work is organized as follows: Section 2 covins theoretical principles applied, Section 3 desith the
methods suggested, Section 4 presents the reseileq by the different images employed and Sedidays down the

conclusions drawn.
2. PRELIMINARIES

This section presents some general definitions gemneral topological results, which will be usednalahe
development of this article. Among the topologidsich can be regarded in a s&tthere are two representing opposed
ends. One is the discrete topology @), in which all parts oK are regarded as open sets, and the other is tserie:
or chaotic topology, J '= {@X}, in which @ andX are the only open sets. Indeed, J and J ' reprasspiectively, the

major and minor topologies that can be defined seta

A setU of a topological spaceX(J) is a neighborhood (J-neighborhood) of a pwiifitand only if U contains an

open set to whick belongsU(x) shall denote the neighborhood system of paint
2.1.1- Topology Based on Neighborhood Systems
Let (X, J) be a topological space, for exatX, letU(x) be the neighborhood system of poinThen:
(i) If U e U(x) thenxe U
(i) If U andV are members di(x), thenU NV e U(X).
(iii) If U e U(x) andU OV, thenV € U(X).

(iv) If U eU(x), then there is a neighborho¥dV(x), such thall U andV ¢ U(y) for eachy of V (i.e.,V

is neighborhood of each of its points).

If X is a function assigning a non-empty collectid(x) to eachx € X, of parts ofX satisfying (i), (ii), (iii), then
the collection J of those sets such thatU ¢ U(x) for eachx of U is a topology ofX. If (iv) is also met, thetJ(X) is

precisely the neighborhood systemxafith respect to topology J[3].
2.1.2- Topology based on Distance Function

There are many topological spaces in which topolrgydeducted from a distance notion. Distadeéined in a

setX, is a functiord:X x X—R such that for alk, y, z¢X, the following is verified:
(@dx,y)=0
(b) d(x, y) =0 =>x =y (separation)
(c) d(x, y) =d(y, x) (symmetry)
(d) d(x, y) <d(x, 2) +d(z, y) ( triangle inequality)

A metrical space is a paiX(d), such thatl is a metrics foiX [7].

Impact Factor (JCC): 2.6305 NAAS Ratj 3.19



Topological Digital Image Processing 55

Let's see now how, from a given distance, topologg be generated. If a distaretes defined, it is possible to
define the following:

B(x,r) ={yeX; d(x,\y)<r}open ball of centex and radius.

By means of these, opens set can be generatettAd Beis open, if and only if, for everge Athere is an open
ball of centerx and radiug included inA. Then the collection made up of all open sets titoiss a topology termed
topology associated to distancdgd]. Given the fact that the infinite collection of opsets generated is different for each

distance, consideration should be given to thdiliked of associating a different distance topoltmgach of them.

If (X, J) constitutes a topological space, and Y is gX it is possible to build a topology df Y called relative
topology or relativization of J to Y. Relative tdpgy J,is defined as the collection of all member intetisers of J withY.
Every membelJ of relative topology Jis regarded as open ¥ The topological spacé’(J,) is called subspace aX,(J)

space.

A partition of a seX is defined as its own division in classés X, Xs,... X, such that ifx € X , x belongs to one

and only one of these classes.
Formally, a partition oK is defined as a functigm X — J, such thatx eX, x ep(X) andvx, y eX

p(x) =p(y) o p(x) Np(y) = @beingp(x) the partition ofX containingx(See figure 1).

A setS/X is said to be connected if it cannot be writtethasunion
of two disjoint non-empty open sets. Another pdssitvay of
expressing set connection is by stating that jtassible to go from
one set point to another one by means of a conismuwovement
not leaving the set. This leads to the definitidragath connected

space, or simply, connected space.

A path in a topological spacéis a continuous functiofi [0,1] —X.

Figure 1: Example of Partition of a SetX Pointsa =f(0) andb =f(1) are the path ends In this case, the path

is said to link pointa with pointb. Whena = b, fis said to be a

closed

path.

f(0) g(l)

Given the path§ g: [0,1] —X with f(1) =g(0) , pathf vg: [0,1] —X

can be defined as resulting from following pathfirst, and

fl0)=g(0)

afterwards patly (See figure 2).

fvegl0l]l-X

Formally, a setS0X is regarded as path-connected when any two

Figure 2: Example of Path-Connected | points ofScan be linked by pathin S.
Spaces

A topological space is regarded locally path-connected when for everX and every neighborhood of x

there exists a path-connected neighborhésdch thak e V/U .
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Interior, set boundary and isolated point are basincepts in a topological space. A poitD/X of a
topological space is an interior pointdfif and only if D is a neighborhood of, and the set of all interior points bfis
the interior ofD, denoted by: inf) . The interior of a sdD can also be defined as the union of all open s®itamed in

D, i.e.,int(D) is the major open set .

SetD closure is defined as the minor closedGéX, such thaD/C. The boundary of s@ is set:
d(D) =closurgD) -int(D)

A pointx of D cX is isolated if there is a neighborhodd: U(x), such that) \ {x} nD =@.

Given an arbitrary poink eD OX , there are three possibilities mutually excluditigere can either be a
neighborhoodJ ¢ U(X) contained irD, (i.e.,x ¢ int(D) ) , a neighborhootd ¢U(x) contained inX -D) , (i.e.,x ¢ int(X -D) )
or everyx neighborhood contains points 8f and of K -D) , (i.e.,x € d(D) ). Then, everyD set determines space

decomposition in three disjoints subsets two to fivg:
X =closure(D)u int(D) v int(X -D)
2.2.2- Topology in a Discrete Space®Z

A digital image is a functiof:Z x Z—[0,... N -1] in which N -1 is a positive whole belonging to the natural

interval [1,256].Considering Z x Z with topologidsfined by metricsl’ andd” restricted to Z x Z defined by:
2
d'(y) = ) lx - i
i=1

d"(x,y) = max |x; — yi|
the following neighborhoods afeZ x Z can be defined, respectively (See figure 3):
Us () = {yeZ®/ |yl —x1| + |y2 — x2{ 1}
={yeZ’/d(xy) <1}
Us (x) ={ye ZZ/{rSll,asg [yl —x1| +ly2 — x2f 1}
={yeZ?/d"(xy) <1}

Generally, neighborhoods characterization is genoadty understood as an “approximation”.

However, when images in levels of gray are employed
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defined by means of intensity, as follows:

Us (v) = FY(f(v) — c, f(v) + chU(v), ce [0,... N -1]

Figure 3: Different Neighborhoods of a
Point x Depending on the Metrics
Employed points

In a discrete plane, a path is made up of a segueh¢
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a = Xy...% = b in which x lies adjacent tog..for i = 1,..., k (ay point is adjacent tc, if there is a
U, neighborhood, such that U, ).

Let XOZ x Z be an image, two pointsandy are said to be connected Xif there exists a path included in
X, joining x with y. If a topological spac¥ is not connected, we can wonder how many “part¢iaX. Space parts are its
connected components. Détbe a topological space arda point ofX, a connected component &X is the unionC, of

all connected subsets Xfcontaining arx.

There is at least a connected subsex with anx: {x}. Then C,is not emptyC,is the major connected subset of

X containing arx.
2.2.3. Grouping Criterion

Let X be an image in levels of gray and Ja topology aatmttoX ; and letSCJ be defined ag: Sx X —R, such
that:

o(A, x) =d(y(A), X) )
Wherey(A) is a characterization éf andd a metrics.

Theng is said to be a function yielding the set similarelationshipA eSwith x X, after considering(A). This

function depends on the application under constitera

Given a fixed€ ands andSCJ. LetX be an image in levels of gray aAdS, an elemenkeX is said to belong té

if the following is met:
B(x, €) NA\ {x} & y o(A\{x}, X) <3
i.e.,Sis a covering oK. In other words, for eacheX, there exisPeSsuch thakeA.

Topologically, this definition determines that dament in the image will belong to an elem@aSif there is a

ball with a center ix and a given radius, such that interception ocaud;that said element is related to it.

3. MATERIALS AND METHODS

In the first stage, reconstruction opening and iofpsAlternating Sequential Filters (ASFs) were aggblby
reconstruction. AFSs consist in the iteration ofrpmmlogic closing and opening operations by recosibn, with
structuring elements of growing size, being neagstsause a second structuring element in the Reoaction operation.
The advantage of this new type of filters is tHayt filter the desired objects leaving the origishbpe unaltered, thus

resulting in less image distortion. In this waye tlegions of the image describing meaningful detaiinain connected.

In the second stage, the proposed algorithm empleygrouping criterion defined in the prior seotto obtain
the desired image segmentation. The algorithmsskartgenerating a set with an image point (the firsel found at the
beginning of the image, or that pixel verifying @rtain condition) assuming certain order or di@ttiBased on this, it
creates the image connected components accorditig tgrouping criterion above defined in equatibhfor a specific

function defined in this article.

Algorithm to extract connected components of thagm
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To begin with, functiorp should be defined as it determines the groupiitgrwn, i.e., distance andy(A) . Let
dg be the geodesic distance [4] [6] [12] (@) = {a. ¢ A: a; is center of A
Given a fixedt, a first setA, = {x} is created, such thateX, with n=1.
Step 1:
If y eX'such thay € AVl =1...n, go to steps 2 and 3,
if there is noyeX go to step 4.
Step 2:
Forl=1... nif B(y,€ ) NA# @ ando(A;, y) <x, inl =l U{i} (being| a set of indexes).
Step 3:
If | # D thenA = A;(fy} Vi €l; otherwise
n=n+1; A, = AWy}
Step 4:
OnceS =U;¢; Ai covering is obtained, the connected compon€ase generated.
Step 5:
Once the resulting connected componé&jtare obtained, the boundary and interior of eadherf is obtained.
Step 6:

Calculation of the mass center for connected compisnj-esima. (whose localization information isirderest

when it comes to practical ends).
Step 7:
Visualization.

The algorithms were programmed using Matlab5.3nded functions of this language and a specificatip
called SDC Morphology Toolbox (SDC, 2001) is emgdy

4. RESULTS AND DISCUSSIONS

Figure 4 lists the results obtained with the pragbosethod in a CAT image of the mediastinum, inclvha liver
tumor can be observed. First the original imagerésented, then image b) after applying the AltémgaSequential Filters
with structuring elements of growing size. Thisoals homogenizing the areas to be detected withdhjesting them to
deformations. Image c) depicts different conneaenhponents marked in different colors. Finally, gmad) shows the
correct tumor segmentation. The exact boundarigheofegmented tumor as well as its localization lwa calculated in

relation to it.
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m

a) Original Image b) Image Obtained after ¢) Image with Different d) Image Resulting from
Applying Sequential Filters Connected Components Liver Tumor Segmentation
Figure 4: CAT Mediastinum Image

Figure 5 depicts several CAT mediastinum imagesthait corresponding segmented images with the qgzeg
method. Original images can be observed in thedokimn; while the second column shows the imagsslting from the
segmentation of the different tumors (lung, kidiaew liver, respectively). The third column depittts contour extraction
of said tumors. As seen in the figure, the propasginentation is genuinely satisfactory in all sabaving been tested in

a group of more than 50 testing images.

Column - 1 Column — 2 Column - 3

Images - Segmentation of DifferanTumors Images - Perimeter Extraction of the
(Lung, Kidney and Liver, Respectively) Tumors Previously Segmented Can be
Observed

Images - Original

Figure 5: Different CAT Images

5. CONCLUSIONS
This article describes an automatic method appkcéd the segmentation of mediastinum Computerixeicl
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Tomography (CAT) images with tumors. It has protede accurate and efficient, thus enabling firsdra to know the
tumor area and localization with remarkable spatcuracy. This segmentation method turns out toptienum in tests

made prior to cryosurgery or radio frequency abtati

The potential of this method lies in the possipildf employing different distances and charactéiores of
mounting interest in the segmentation of other $ypkimages. For instance wheris defined by the Euclidean distance

andy(A) by a level of gray, the grouping algorithm istthkeown as imag&abeling
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