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Abstract

This research work presents a method for segmentatf medical images based on
a deformable contour (active contour) paradigm. Thieformable contour is a novel
approach in image segmentation. A type of activentowr is the Snake. Snake is a
parametric curve defined within the domain of themage. Snake properties are specified
through a function called energy functional. This eans they consist of packets of
energy which expressed as partial Differential Ediens. The partial Differential
Equation is the controlling engine of the active otur since this project, the Finite
Element Method (Standard Galerkin Method) implemetibn for deformable model is
presented.

Keywords:Active Contour,Musculoskeletal, Magnetic Resonahtaging Segmentation, Finite Element
Method (Standard Galerkin Method), Partial Diffdi@hEquation.

1.0 Introduction

Diagnostic imaging is an invaluable tool in medg&inoday. Magnetic Resonance Imaging (MRI), Computed
Tomography (CT), digital mammography, and other ging modalities provide an effective means for neasively
mapping the anatomy of a subject. These technaduige greatly increased knowledge of normal aseladied anatomy for
medical research and are a critical componentagrisis and treatment planning. With the increasing and number of
medical images, the use of computers in facilitatiheir processing and analysis has become negedgaparticular,
computer algorithms for the delineation of anatahistructures and other regions of interest aresy domponent in
assisting and automating specific radiological saskhese algorithms play a vital role in numeroimmedical imaging
applications such as the quantification of tissarimes, diagnosis, localization of pathology, stoflanatomical structure,
treatment planning, partial volume correction ofidtional imaging data, and computer integrated esyrgWith medical
imaging playing an increasingly prominent role he tdiagnosis and treatment of diseases, the meitizale analysis
community has become preoccupied with the chaltepgroblem of extracting, with the assistance afpaoters, clinically
useful information about anatomic structures imat@dugh the various imaging modalities. Althouglodarn imaging
devices provide exceptional views of internal angtpthe use of computers to quantify and analyeesthbedded structures
with accuracy and efficiency is limited.

State-of-the-art medical images generate massitabdses of static volume (3D) and dynamic voluri2) (#nages.
These data sets, which usually suffer from sampdiriacts, spatial aliasing, and noise, are egdgntblocks of granite”
with meaningful embedded structures. The probleto isxtract thee surface elements belonging tonatoaical structure
(the segmentation step) and to integrate thesadlements into a globally coherent surface mofidte structure (the
reconstruction step). Certain diagnosis procedalss require the tracking and deformation analgsironrigidly moving
anatomical surfaces. The ease and accuracy ofmockdures can be critically dependent upon theeiasked. Dynamic
models are needed which are robust against noisepted data and which are capable of accuratglyesenting the
complex geometries of anatomical surfaces whilemiing the quantitative measurement of highly ngidr tissue
kinematics.
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Musculoskeletal disorders are certainly the mogomaous and common cause of severe long-term painpdysical
disability. For their diagnosis, the surgical plargnand their postoperative assessment, the paijeaific modeling of the
musculoskeletal system from medical images is groitant problem [1]. The musculoskeletal systemiteiha complex
geometry, difficult to model realistically (multgplorgans in contact), a complicated mechanical \behdviscoelastic,
anisotropic, hyperelastic and non linear); and dempnteractions (e.g. confined cartilages withirticaulation).while
simplified representation such as stick-figures action lines [1,2] have proven to be useful forngnapplication in
biomechanics. They have limited accuracy [3,4] #mely are unable to represent large attachment aedsaccurately
simulate global constraints such as volume pretiervand non-penetration.

Improvement in terms of accuracy could be achiewsidg surface models [1] or equivalent reduced asgmtations
such as medial axis [3]. Current interactive madglnethods [5, 6, 7, and 2] remain time-consumimdjae not suitable for
clinical use. Indeed, orthopaedists, biomechangard kinesiologists would like to simulate, vis&zmland navigate through
articulation with a minimum amount of manual tadRgagnosis tools used in the daily medical practespecially medical
scanner, are becoming increasingly precise, avajlatandardize, as well as less and less invaBiesides traditional 3D
images available from virus modalities such as aaeygb tomography (CT) and magnetic resonance imag@iigl),
kinematical data are now getting more accessibte (@ne MRI, real-time MRI ultrasound). MRI is eXible modality for
imaging both soft and bony tissues non-invasivBly &nd has been chosen for this project. The piatgnlarge amount of
data makes data difficult to exploit. In this cotite8D anatomical models (e.g. shapes, surfacenves) and 4D kinematical
models (e.g. joint angles, deformation maps) cqumve more insight and help in fusing (registeridgta from devices
modalities or scan sessions. This project surveysrohable models, a promising and vigorously redest model-based
approach to computer-assisted medical image asalysie widely recognized potency of deformable n®dems from
their ability to segment, match and tract imagearaftomy structures by exploiting (bottom-up) coaists derived from the
image data together with (top-down) a priori knadge about the location, size, and shape of thigtstre. Deformable
models are capable of accommodating the oftenfgignt variability of biological structure over tarand across different
individuals. Furthermore, deformable models suppdaghly intuitive interaction mechanisms that allemedical scientists
and practitioner to bring their expertise to beattte model-based image interpretation task wheessary.

MATERIALS AND METHOD

2.0 Magnetic Resonance Imaging

Magnetic Resonance Imaging [MRI] is a medical d@agjit technique that combines strong magnetic lddjeradio
waves, and computer technology to create imag#sedbody using the principle of nuclear magnet8orence. A versatile,
powerful, and sensitive tool, MRI can generate-fnhim computerized images of any part of the bawhltiding the heart,
arteries, and veins-from any angle and directiathout surgical invasion and in a relatively shperiod of time. MRI also
creates “maps” of biomedical compounds within argss section of the human body. These maps give basnedical and
anatomical information that provides new knowledged may allow early diagnosis of many diseases2d@3 Paul
Lauterbur of the United States and Sir Peter Matwsfof the United Kingdom shared the Nobel Prizephysiology or
medicine for their contributions to MRI technology.

MRI is possible in the human body because the bedijled with small biological “magnets,” the moabundant and
responsive of which is the proton, the nucleushef hydrogen atom. The principles of MRI take adagatof the random
distribution of protons, which possess fundamemagnetic properties. Once the patient is placdtiércylindrical magnet,
the diagnostic process follows three basic stepst, MRI creates a steady state within the bodyplaging the body in a
steady magnetic field that is 30,000 times strortban Earth’'s magnetic field. Then MRI stimulates body with radio
waves to change the steady-state orientation ofopso It then stops the radio waves and “listers”thie body’s
electromagnetic transmissions at a selected freyudine transmitted signal is used to construerivdl images of the body
using principles similar to those developed for paterized axial tomography, or CAT scanners. Imentrmedical practice,
MRI is preferred for diagnosing most diseases eflthain and central nervous system. MRI scannargige equivalent
anatomical resolution and superior contrast regoiub that of X-ray CAT scanners. They producectional information
similar to that of positron emission tomography TPEcanners but with superior anatomical detail.IMBanners also
provide imaging complementary to X-ray images beeaddRI can distinguish soft tissue in both nornral diseased states.
Although an MRI scan is relatively expensive, itynetually reduce costs to patients and hospitalgrbviding diagnostic
evaluation to outpatients and thereby frequenthjiting more expensive hospitalization. Becauseo#sdnot use ionizing
radiation, MRI is risk free except for patientswitardiac pacemakers, patients who might havefiliags next to their eyes
(for example, sheet metal workers), patients witter ear transplants, and patients with aneurygms il their brains. In the
early 2000s open MRI scanners were introduced aaltamative to the standard MRI machine, whichleses the body,
requires the patient to lie immobile for 45 minytasd makes disturbing, loud noises. The open MBRhsers are much less
confining and far quieter. While the scans theyviate bare not as detailed as traditional MRI scaéms,open MRI is a
highly effective device for patients who fear tbed, dark experience of the closed, cylindrical Mf@chine.
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3.0 Musculoskeletal Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is a highly reduteedical technology for studying the human braimotogy and
malfunctions. It can also be extended to the humasculoskeletal system [1]. This research provalesh exposition for
more detail information on human musculoskeletaatamy based on two-dimensional image segmentafimage
segmentation is a method that is used to extractefion of interest (ROI) from images. In the stifec world, an image is
an information carrier which constituent physicabgerties may be perceived by human eye only. hidue to some
inherent corruption termed noise which may entawnglblotted out the detail information of ROI. Thgecification of this
area to extract detail information from ROI is knowas image analysis. The idea of segmentationnigrgly known as
active contour (also known as contour deformatiditive contour is a parametric curve within thexaon of the image.
Active contour properties and its inherent behaisaspecified through a function called energy fiore This indicates that
the contour consists of packages of energy; theskgges of energy are expresses in mathematicatiornas partial
differential equations. The partial differential equation is the contmnadji engine of the active contour as it involvess thi
regulates the contour and at the same time redsi@nérgy constituent to the minimum. From the gore, active contours
are curves around the boundaries of objects or Ry have broad range of applications in suchsaasamedical science,
motion tracking and image analysis.

4.0  Active Contours (Snakes) and Equation Formulation

Active contour or deformable models are energy-mising curves that deform to fit image featuresal®s are a
special case of deformable models [10]. Snake Bsnangy-minimizing parametric contour that defomwsr a series of time
step. Each element along the contauwtepends on two parameters, where the space parasisetaken to very between 0
andN-1, andt is time (iteration): Introduced by Kass et al, l#mare method of attempting to provide some ofpib&t-
processing that our own visual system performs.nAke is a continuously curve (possible closed) tit&mpts to
dynamically position itself from a given startinggition in such a way that it ‘clings’ to edgestie image. It has built into
it various properties that are associated with kEmthes and the human visual system (E.g. continsityoothness and to
some extent the capability to fill in section ofedge that have been occluded).

Snake Properties
From now on snake will be referred to as the patameurve
u(s) = (x(s),y(s)) Where s is assumed to very between 0 and 1.

(a) The snake must be ‘driven’ by the image. Thaitimust be able to detect an edge in the inasagealign itself with the

edge. One way of achieving this is to try to positthe snake such that the average ‘edge’ (howtbe¢mmay be measured)
along the length of the snake is maximized. Ififeasure or edge strength is F (x, y) > 0 at thgé@mmint (X, y) then this

amount to saying that the snake u(s) is to be chisssuch a way that the functional

[y B (x(s), y(s))ds (1)
is maximized. This will ensure that the snake walhd to mound itself to edge in the image if itdBnthem, but does
guarantee that it will them in the first place. &ivan image the functional may have many local ménfa static problem);
finding them is where the ‘dynamics’ arises. An ediptector applied to an image will tend to prodaceedge map
consisting of mainly thin edge.

(b) If an elastic band were held around a convegratkand then let go, the band would contract uhgl object prevent it
from doing so further. At this point the band woblel molded to the object, thus describing the banndrwo forces are at
work here, first that providing the natural tendgn€ the band to contract, and secondly the opjposforce provided by the
object. The band contracts because it tries tomird its elastic energy due to stretching. If thed were describe by the
parametric curvel(s) = (x(s),y(s)) then the elastic energy at any pdiig proportional to

du 2 _(ax 2 dy 2
(&) =G0 + @) @
That is, the energy is proportional to the squdreosv much the curve is being stretched at thatntpdihe elastic band will

take up a configuration so that the elastic enalgyg its entire length, given the constraint &f thbject, is minimized.
Hence the band assumes the shape of the ag@sye= u((s), y(s)) where u(s) minimizes the functional
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subject to the constraints of the object.

(c) One of the properties of edges that are diffimumodel is their when they can no longer benséfewe were looking at a
car and a person stood in front of it, few of usuldohave any difficulty imagining the contours bktedge of the car that
were occluded. There would be ‘smooth’ extensionhef contours on either side of the person. Ifaheve elastic band
approach were adopted it will be found that therfed a straight line were the car was occluded (secd tries to minimize
energy, and thus length in this situation). If huerthe band had some stiffness (that is a resistém bending as for
example displayed by s flexible bar) then it wotddd to form a smooth curve in the occluded regibthe image and be
tangential to the boundaries on either side.

Again a flexible bar tends to form a shape so itmelastic energy is minimized. The elastic eneirgyending is
dependent on the curvature of the bar that is skdenivatives. To help force the snake to emulaitetype of behavior the
parametric curve u(s) = (x(s), y(s)) is chosenhsa it tends to minimized the functional

il () (@) e @

Which represent a pseudo-bending energy term. @fegif a snake were made too stiff then it wdadddifficult to force it
to conform to highly curved boundaries under th@acof the forcing termin (1).

Three desirable properties of snakes have now igesrtified. To incorporate all three into the snalkkence the parametric
curve

u(s) = (x(s),y(s)) representing the snake is chosen so that it niesn

16y = (a0 @ +@+ro | (&) +(©@2)] -remych ¢ G

Equation (5a) can be better written as

= booomeo| @@+
pO{ () +(2)] F e ©,y )dsish)

Here the terma(s) = 0 andf(s) > Orepresent respectively the amount of stiffnessedasticity that the snake is to have. It
is clear that if the snake approach is to be sgfgkthen the correct balance of these parametemucial.

5.0 Equation Formulation

Clearly the ideal situation is to seek a local minm in the locality of the initial position of thenake. In practice the
problem that is solved is

u(s) = (u(s),y(s)) € H?[0,1] x H?*[0,1]

al(u(s)+ev(s)) |

PN | o= 0u(s) € 0] x H[0A] (6)

HereH?[0,1] denotes the class of real valued functions défme[0,1] that have ‘finite energy’ in the second derivasive
(that is the integral or the square of the secaaivatives exists) anH,?[0,1] is the class of functions H?[0,1] that are
zeroats=0and s =1.

To see how this relates to finding a minimum coesid(s) to be a local minimum ands) + v (s) to be a perturbation
about the minimum that satisfies the same bounctamditions (i.ev(0) = v(1) = 0). clearly,

Considered as a functiongf (¢) = &l (u(s) + ev(s), is a minimum at = 0

Hence the derivation df€) must be zero at= 0.. Equation (6) is therefore a necessary conditiwraflocal minimum.

Standard arguments in the calculus of variatiomsvstiat problem (6) is equivalent to another prohlevhich is simpler to
solve:
Find a curvg(x (s),y (s)) eC*[0,1]x C*[0,1] that satisfy the pair of fourth order ordinarffeliential equations
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@} e (@) + &0 @)

ds
O @) -0 (@) + & =0 Q

In practiceq(s) andp(s) are usually taken to be constant, arbitrary chdsdrea = 1.0, 8 = 0.5, hence equation (7) and
(8) becomes

d?x d*x | dx _
d’y d*y  dy _
E—(O.S)mﬁ'z—o (10)

Together with the boundary condition
x(0)=y(0)=0:x(1)=y(1)=1 (11)

The vectors andy contain the x and y coordinates respectively chedement in the model; they represent the pasitio
the snake elements, both before and after adjustim&onform with the internal forces.

6.0 Finite Element Method for Active Contours

There are so many Galerkin approaches rangingHfoRt, H2[11], H~! etc. But this work employs the useff (Standard
Galerkin Method) for its analysis.

We wish to minimize the residual

b
f R (x;,¢q,C5,C5 ...n)dx
a

b
I = minf R (x;,¢1,¢5,¢5...n)dx =0
a
By using the appropriate value for, ¢, c5 ... ¢,
ol b
ac, = fa U;R (x;, ¢4, €y, C5 ... )dx
This is the standard Galerkin method of the Fikieement Method.
From (9) above we consider an approximate soluwfahe form
U(x) = Up(x) + €U (x) + C Uy (x) + C3Us(x) + -+ C Uy () (12)
Where;
U, (x) Satisfies the non-homogenous boundary conditidheaboundary and
U;(x),i = 1,2,3,...n are basis functions which satisfies the homogehousdary conditionfa, b][0,1] in equation (11) and
the
U;(x),i = 1,2,3 ...n are such that
i. U;(x),i = 1,2,3 ...nare linearly independent
ii. U;(x) satisfies the homogenous
ii. U;(x) is of the form(x — a)i(b — x) or (x — a)(b — x)'i = 1,2,3. .n but if it is in the interval0,1] then we
havex!(1 — x)or (1 — x%), where is frequently used.
To continue,
We substitute the appropriate solutid¢x) into the b.v.p to obtain a residual in the form
R(x;,¢1,60 iy = LUl = f
But ourU,(x) can be obtained frof®,1] as follows:
Yy=y1_Y2—» _1-0
= =
X—X1 Xp—X; 1-0
~ty =x 2U)x) =x
U=x'(1-x),=2U,=x(1-x)=x—x%U, = x*?(1 —x) = x? — x5,
Us=x3(1—x),=x3 —x*Us = x*(1 —x) = x* — x5
U(X) = U (x) + C1U; (x) + CUz (%) + C3Us(x) + -+ CrUn (%)
We find the values of; and then substitute and evaluate
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U(Y/y) =%, U(Y/) = 2, U(3/y) = %2, U = x,
UX)=x+Ci(x —x3) 4+ C(x? —x3) + C3(x3 — x*) + C,(x* — x°) (12)
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Ulx) =1+ ¢, (1 — 2x) + C,(2x — 3x3) + C3(3x% — 4x3) + C,(4x3 — 5x*) (13)
UN(x) = =2C; + C,(2 — 6x) + C3(6x — 12x%) + C,(12x? — 20x3) (14)
UM(x) = —6C, + C3(6 — 24x) + C,(24x — 60x?) (15)
U%(x) = —24C5 + C4(24x — 120x) (16)
2 4
Putting intod—lz/ - 0.5 d—i’d—y = 0 gives
dx dx* dx

—2C, + Cy(2 — 6x) + Ca(6x — 12x2) + C,(12x% — 20x2) — 0.5[—24C; + C,(24 — 120%)] +
11C6,(1 — 2x) + C,(2x — 3x%) + C3(4x3 —5x*) =0 a7

Collecting like terms gives
Ci(=2+1—-2x)+C,(2 —6x + 2x — 3x2) + C3(6x — 12x% + 12 + 3x% — 3x2) +
C,(12x% — 20x3 — 12 + 60x + 45x% — 5x*) = —1 (18)
= G [—1—2x] + C,[2 — 4x — 3x%] + C3[12 + 6x — 9x2? — 4x?] + C,[—12 + 60x + 12x% — 16x3 —
5x* = -1 (29)
Making (19) orthogonal by firstly multiplying eascerm by(x — x2) and integrating oveli0,1] gives

C, fl(—l —2x) (x —x¥)dx + C, fl(Z —4x — 3x2) (x — x?)dx + C; fl([12 + 6x — 9x% — 4x3]) (x — x?)dx
0 0 0

1
+ C4f (=12 4+ 60x + 12x% — 16x® — 5x*) (x — x?)dx

0
1
= —f (x
0
—x2)dx (20)
= fol(—x —x?+2x3)dx +C, f01(2x —6x2+ x3+3x*)dx + C5 f01(12x —6x2 — 15x% + 5x* + 4x°) (x —
x¥dx + C, fol(—12x + 72x% — 48x3 — 24x* + 11x% + 5x%) dx = fol(x2 —x)dx
(21)
-x/ _x® x4 1 2 _ 9.3 x* 3x5/ 1"
=G [y =¥ 5+ /2]0+Cz[x 263 + X7/, + /5]0

1 1
+C3 [6x2 - 2x3 + 15/4.764 + 4/6x6] + C4 [_6x2 + 24x3 - 12x4 _28/5x5 - 11/6x5 + 5/7x7] = [x3/3 -
0 0

2 1
</l (22)
= (7Y =Y+ 1) + (1 -2+, +3/c) + ¢ (6 =215/, +6/,) + Cu(~6 + 24 — 12+ 28/ —
11/6+5/7) = (1/3—1/2) (23)
= 1/36-3/50C+1Y/15 ¢+ 2971/ g€ = =YY (24)
Multiplying (24) through by -1260, we have:
420C, + 189C, — 1155C; — 17826C, = 210 (25)

Similarly, making (19) orthogonal by multiplying @aterm of (18) bgx? — x2), integrating ovef0,1] and multiplying
result by -2520 we have,

231C, + 168C, — 1140C; — 34980C, = 105 (26)
Again making (19) orthogonal by thirdly multiplyirgach term of (18) by — x*), integrating ovef0,1] and multiplying
result by -12600 we have,

294C; + 534C, — 1296C; — 3353C, = 126 (27)
We do same fofx* — x°) and multiply result by -2520 to get
294C; + 534C, — 1296C, — 2432C, = 84 (28)

Putting these equations in augmented matrix fornoltain below:
420 189 —-1155-17826 : 210

231 168 —1140 34980 : 105

294 534 —1296 —3353 : 126

204 207 -—823 —2432 : 84

We now solve folC;, C,, C5, C, using Gaussian Elimination method. We have thergimg final matrix as below to obtain

1 045 —2.75 42.442857 : 0.5

0 1 —7.895009699.210263 : —0.163936

0 0 1 101.250052 : 0.016712

0 o0 01 : 0.001134
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C, = 0.001134
C; = —101.250052C, + 0.016712
C; = 0.131530
LCZ — 7.895009C; + 699.210263C, = —0.163936; C, = 0.08159
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C, + 0.45C, — 2.75C; + 42.44287C, = 0.5
C, = 0.776862
~U(x) =x+0.776862(x — x2) + 0.08009(x2 — x3) + 0.131530(x3 — x*) +
0.001134(x* — x°)
= 1.776862x — 0.695272x2 + 0.04994x% — 0.130396x* — 0.001134x5(29)

When our segmentation parametér is 1/4, then on the intervdD,1]we have
U(0) = x, = 0.0000,U(1/,) = x; = 0.401031
u(l/,) =x, = 0.71267,

u(1/,) = x; = 092110
u(1/,) = x, = 1.0000

But when our segmentation parametér is 0.1, then for the interva,1]we have,
U(0.0) =x, =0
U(0.1) = x,0.170770
U(0.2) = x, = 0.327752
U(0.3) = x; = 0.470774
U(0.4) = x, = 0.599348
U(0.5) = x5 = 0.712670
U(0.6) = x5 = 0.809619
U(0.7) = x, = 0.888751
U(0.8) = xg = 0.948303
U(0.9) = xo = 0986189
U(1.0) = x,, = 1.000000

However, if we let our segmentation paraméter 0.01 and divide the intervdD,0.1] into10 equal halves then
U(0.00) = x, = 0.000000,

U(0.01) = x, = 0.017699
U(0.02) = x, = 0.035260,
U(0.03) = x3 = 0.052681
U(0.04) = x, = 0.069965
U(0.05) = x5 = 0.087110
U(0.06) = x5 = 0.104118
U(0.07) = x, = 0.120988
U(0.08) = xg = 0.137719
U(0.09) = x4 = 0.15314

U(0.10) = x;, = 0.170770

Now, dividing the interval0.9,1.0]into 10 equal halves with the same segmentation parame€e01, we obtain;
U(0.90) = x, = 0.9861893087
U(0.91) = x; = 0.9886963539
U(0.92) = x, = 0.9909603231
U(0.93) = x3 = 0.9929785953
U(0.94) = x, = 0.9947485172
U(0.95) = x5 = 0.9962674029
U(0.96) = x4 = 0.9975325340
U(0.97) = x;, = 0.9985411592
U(0.98) = xg = 0.9992904949
U(0.99) = x4 = 0.9997777248
U(1.00) = x;4 = 1.000000000

7.0 Remarks

From the above solution by Finite Element Meth@tandard Galerkin Method to be precise), we can see that the
smaller the value of the segmentation parametirehbetter the image segmentation. Hence the smvallee of h causes the
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segmentation steps/phag@s this case x,, x4, X, ... )Jto be closer to each other, thus eliminating possbders which would
otherwise occur in taking lumps of the image pix@lsoxels at a time. Thus it is preferable to asamaller value of h for a
more efficient segmentation to take place.

Although the large value if h, faster the convergespeed, it may not be adequate to give a goag @irthe snake. On
the other hand, the smaller the value of h, thevestdt takes to converge, but it gives a good clak@und the region of
interest.
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8.0  Discussion/Analysis

In the application of image processing tools, aagmis first passed through the Gaussian low pléesswhich the low
passed image then has its intensity adjusted biyrthge intensity adjustment tools. Then, finallypo8loedge Detector is used
to enhance the outline of the image. This ordereisessary for the processing because Sobel edegtateis very sensitive
to noise. As such the noise need be filtered ofdrbehe edge detector application. More so, stheegradient of the Sobel
edge detector is related to the change in intemasitiie edge of an object the image intensity &djeist is used to produce a
higher contrast image. As image intensity adjustnoam improve the intensity of the image as wellnase within the
image, the noise must be filtered out before thensity adjustment. Gaussian low pass is emplogegtduce the noise
effect.

9.0 Conclusion

Further research in the segmentation of medicabé@sawill strive towards improving the accuracy, gs®n, and
computational speed of segmentation methods, dsasetducing the amount of manual interaction.ukacy and precision
can be improved by incorporating prior informatimom atlases and by combining discrete and contisue base
segmentation methods. For increasing computatieffeiency, multiscale processing and parallelizabiethods such as
neural networks appear to be promising approacbesiputational efficiency will be particularly impgant in — real time
processing applications. Possibly the most impoarstion surrounding the use of image segmentéias application in
clinical settings. Computerized segmentation methwaze already demonstrated their utility in resleapplications and are
now garnering increased use for computer aidedndisig and radiotherapy planning. It is unlikely ttrutomated
segmentation methods will ever replace physiciaristhey will likely become crucial elements of mesliimage analysis.
Segmentation methods will be particularly valuabl@areas such as computer integrated surgery, whenalization of the
anatomy is a critical component. Active contour arenethod for segmentation based on minimizing éhergy of a
continuous spline contour subject to constraint®ath its autonomous shape and external forceseatbfiom a superposed
image that pull the active contour toward Imageuess such as line and edges. The contour islipifiéace near an edge
under consideration, and then image forces andusiee-defined external constraints draw the contouwhe edge in the
image.
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