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Abstract. The active contou modd (ACM) Snales permitsto simultaneusly solve, in constrained s
both the segentation and tracking probies and has been proposeyl [Kass etal (1987)] The aim of this
work is to propose particular ACMformulation to trackard analyz left ventricula (LV) endocardiawall
motion from color kinesigCK) echocardiographimages [Murta (1998)]A new approach called PRBrealy
algorithm is preanted.
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1 Introduction define the LV boundaries, as there are needed rfinst

Two-dimensional echocardigrapty is widely usedfor the ~ diagnoss paemeters in cardiac evadtion.
evalwation of regional LV functon becausef its ability to 7. K
depict endocardial excursion damall thickening in real
time. In view of qualitative improvements in medical
diagrnoses, a wide varigy of techniques have been
developedBecaus it is often difficult to precisel define
the endocardial and epicardial boundaritbes methods
remain subjectiveand impracticd for routine clinical use.

Unfortunatey, there are signifemt problens with
mary of the approales proposedybthe computer vision
communiy for tracking cardiac motion across everal
imaging modaities tha affect their abilty to accuratky
estmate wadl motion. Primary oljections to these
approache include the inability to estimate point-wise
motion, the lack of tracking specific points on # wall . ] _
over time and the inherent problems d measrring the Fig. 1 - !_V 4-chambers ultrasound .|mage from Sonos HP 2500
motion of a 3D spatially déormable objectfrom 2D  echocardiagraphy (HCRP - USP, Brazil).
projections. To enhance these boundaries an active comodel
can be used. Bkes [Kass et al. (198F)is a plysically
based description of the contsuo constran the solution
of movement. It isan energy-nmimizing spline guidedby
external onstraint forcesand influencel by image forces
tha pull it toward features such as las and edgesThey

CK is a new techngue based on acoustic
guantfication developed to facilitatehe evduation of
regional wall motion; it tracks the motion of the
endocardium in real time throughout systole which reaults
in high qualty colorencoded inages Eflecting the .
magnitue and timing of endocardibmotion [Lang et al. lock *onto r_1edary ed_gas, localizing them aCC“rf"“eV-
(1996)]. Figure 1shows a CK iage from Hospital das Srekes provide a unified account a numbe of visual

Clinicas de Ribeir Preb (HCRP — USP)Although CK ~ Problems, including detection of edgs, lires and
direct represents ¢hLV wall motion, it does nbcleaty subjective coruiurs, motion trackingand stere maiching.
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As we will be stown further, the orignd Snakes
formulation is not suitable to be applied unde the
circumsances presentedylCK images. Therdore, a new
approach to active contomodd hete called PR Greely
is proposed.

2 Basic Sn&e Behavior

A Sreke can be paametrically represented by
v(s)=(x(s), y(s)) and its enrgy fundtiond can be written
as

E = [ By (S + | B ({5 + [ Een(uiSles (1)

where Ej, represert the internalenergy of the spline due
to bending,Eimage gives rise to the imge forcesand Eey
gives rise to thexterral constraintforces.

The spline energy isomposed of a first order ten
controlled by a(s) and a second term controlleyl /(s).
Therefore, the interhaplineenergy can bevritten

Eine = Gva(oF + AS)visls))

int 2

)
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Kass famulation. As their mahematica tools and
badkground differ from the ACM by Kass, new
complexities have been arien. Their so called Greedy
algorithm use curvature estiration without differential
equatiors complexity pendty and albws the indusion of
had constraints describel by [Amini et al. (198§].
Greeq is O(nm) for a contour having points which are
allowed to move to any other location ina neighborhood
of sizem. While the algorithm is no guaanteed to gve a
global minimum, the exyerimentl resuts have been
compared to othemethods [Willians — Shah (1992

4 A New Algorithm: PR-Greedy

The Greew algorithm was closen as a start point to track
boundaries InCK images. At least two majors rew
diffi culties wee found when uisig this dgorithmin CK
images: comer with binary value repregsaation and poor
formulation for image forces in CK mages. PR-Gredy
presents impraaments in these direans.

The quantiy beingminimized in this case is

E — [a(SEcon(v{s)ds + ] P)Eun (VS

The generic totalrnage energy @n be expressed as a

weighted ombination of the threenergy functiomls

Eimage = Wine Ejine + WedgeEedga 3)
The simplest usful image functional is the image
intensity. The temination functional an beimplemented
with a gradent direction catulus in a slightly smoothed
version of the mage [Kass et al. (1987)A variety of
functionals can be used to linprove subjective contos
detection [Willams — Skah (1993, Leymarie —Levine
(1993)] Snale instability and point clusteng have o
been addressed [#ini et al. (1988)].

The third energ term Eg, relates to extmd forces
ard it is defined to improve specia featues for a
particular trackingThis tem is responsible tposition the
Sreke neaby the object and toniprove €mi-aubmatic
action.

The Kass procedures ian O(n) iterative technique
which uses sparsenatrix methods [Kass et al. (1987)].
Ead iteration effectively takes implicit Euler steg with
respetto the internal enegy and explicitEuler steg with
respectto the image and external constraint egg Since
the internal energy is agustedimplicitly, the procedure
remains stable in the premce of vey large interal
forces.

Williams & Stah [Williams — Sheh (1992)] have
proposal a partiaular discrete aproad to improve the

+ Wte m Ete m
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+ é e (S)Eimage(v(s))ds

where E. is a first-order catinuity tem that measures
distance beteen cune points E. is a seond-order tem
that measuecurvature Ejnage retains tie image energy
and «(s), p(s) ard y(s) are tte weight-pararaters.

A new functional enegy E based o 2 neighbors
points using global mean evaluaton is proposed as
formulated in Eq. 5:

Econt :|d(Vi !Vi—1)+ d(Vi 1Vi+l)+
—d(Vi*:Vi—l)—d(Vi*aViu) (5)

where v; represents thé-point from v(s) curve, v;

represents a possible locatiomr foe i-point and d is the
Euclidian distanceThis functional presets better stabily
than Gredy due that points renain stationay when no
others forces are actingherefore, the stgphenomenais
eliminatedin this formulation.

The second tem is cuvature and a lis of
formulationsis preented by [Williams — Shh (1992).
The best choice is

(4)

Ecurv:|vi _Vi+1|2 . (6)

Although there are other fimulation more coseffective,
Eg. 6 is chosen for poiwise cunature estination.
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The third tem is a gradien magnitude. The

sd of images provided the results herein presenfEde

normalizationsuggeste [Kass et al. (1987)considers the software develpment base consisof Borland Delphi

neighborhood d the pixel in questim using a local
normalization. The origind functional seathes dark
colors and depreciate light colors\ace-vasa ard it has
been kmwn asa goodformulationfor gray scale mages.
Since CK images uses RGB codea new functiond based
on a targetcolor philosophy in 3D spachas to be

formulated as fodws:
Eimage = d(vi color,v; color )

)
The PR-Greeglalgorithm is presented Fig. 2.

Index arithmetids modulo n.

Initialize &, £ andy; to 1 for alli.

Do
Floop tomove points tanew locations*/
For alli points in contour

Eqnin = INFINITY

For allpoints in neighborhood ii X jj
E = ai Econ(i,il.jj ) + Ecun(il.ji )+ 7 Eimagdil.ii)
If E < Eqin then

Fsave enegy and locatiori/
Ein=E
MinimalLocation = (ji,jj )

If MinimalLocation= current location
Move pointy; to MinimalLocation
Increment pointsmoved counter

Fare corners adwed innext iteractiof?®*/

For ali points in contour

2
U Ug

|Ui| |Ui+1|
For alli points in contour
If (¢ >ci.y) and € > ci.1) and € > threshold)
andmag(u;) > threshold2then
Weight adjustment

until movementis o much snall

Fig. 2— PR-Greedy Pseuo-Code.

6 PR-Greedy Algorithm Results

In order to validate PiSreed algorithm we have
developd a PC-basd software. Eany tests with a small

environment for Windows % platorm.

CK images have been acqired from a HP 2500
Sonos Echocardiograph tinising a HP MO DriverThe
file format TIFF HP Extended is the origd format from
HP with patient data and imagsequence encapsulatn.
At this stage we are convertingTIFF HP Extended to
Windows TIF and tren to Windows BMP 32 bits format
without any qualy loss.

Preliminary tests showed that PR-Graly palameters
havetheir best relatioas

B =25a-0,01)+0,05 (8)
where ¢ isthe first tem weight(coninuity) and g is the
seond term weight (curvaure). This resul was found in
4D-spacq ¢, 3, time, focus radiu$ with 5% erra for o =43
=[0,3] €Q . Successfu} paraneter range is [0 Q .

7 Conclusion

A new active contour model called PR-Grely is
presaited and has bea desigied to work properly with
CK images. Improved functiona for continuity and
image enegies have also risefrom this work.

We believe that there is a comtion with CK images
and déormable active ontour model CK images need
fast boundgy reconstuction and local energsinimizing
sysems like ACM can offer an attractie methal for
doing so. Our results prat#s a new trend in this
direction. Further tests ad developments will i mprove the
PR-Grealy dgorithm speciallyby promoting a better
descriptionfor continuityand curvature pameters.
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