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Abstract.  We presert a novel variational approach to top-down image
segmertation, which accourts for signi cant projective transformations
between a single prior image and the image to be segmenied. The pro-
posed segmenation processis coupled with reliable estimation of the
transformation parameters, without using point correspondences. The
prior shape is represeried by a genemlized cone that is basedon the con-
tour of the referenceobject. Its unlevel sections correspond to possible
instances of the visible contour under perspective distortion and scaling.
We extend the Chan-Vese energy functional by adding a shape term.
This term measuresthe distance between the currently estimated sec-
tion of the generalizedcone and the region bounded by the zero-crossing
of the ewolving level set function. Promising segmertation results are ob-
tained for images of rotated, translated, corrupted and partly occluded
objects. The recovered transformation parameters are compatible with
the ground truth.

1 Intro duction

Classicalmethods for object segmemation and boundary determination rely on
local imagefeaturessudc asgray level valuesor image gradients. However, when
the imageto segmen is noisy or taken under poor illumination conditions, purely
local algorithms are inadequate. Global features, such as contour length and
piecewisesmoothness[16], can be incorporated using a variational segmeration
framework, see[1] and referencegherein. The handling of contours is facilitated
by the level set approac [17]. In the presenceof occlusion, shadons and low
image cortrast, prior knowledge on the shape of interest is necessary[20]. The
recovered object boundary should then be compatible with the expected con-
tour, in addition to being constrained by length, smoothnessand “delit y to the
obsened image.

The main dixcult y in the integration of prior information into the variational
segmetation processis the needto accourt for possible pose transformations
betweenthe known corntour of the given object instance and the boundary in the
imageto be segmened. Many algorithms [4,6,5,14,19,13] usea comprehensie
training set to accourt for small deformations. These methods employ various
statistical approacesto characterize the probability distribution of the shapes.
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They then measurethe similarity betweenthe ewolving object boundary (or level
set function) and represenativ esof the training data. The performanceof these
methods dependson the sizeand coverageof the training set. Furthermore, none
of the existing methods accommalates perspective transformations in measur-
ing the distance between the known instance of the object and the currently
segmeted image.

We suggesta newmethod which employs a singleprior imageand accourts for
signi cant projective transformations within a variational segmetation frame-
work. This is made possibleby two main novelties: the special form of the shape
prior, and the integration of the projective transformations via unlevela sec-
tions. These allow concurrert segmemation and explicit recovery of projective
transformation in a reliable way. Neither point correspondencenor direct meth-
ods [12] are used. The prior knowledge is represerted by a genesnlized cone,
which is constructed basedon the known instance of the object contour. When
the center of projection of a cameracoincideswith the vertex of the generalized
cone,we are able to model the e®ectsof the scenegeometry.

We usean extensionof the Chan-Vesefunctional [3] to integrate image data
constraints with geometric shape knowledge. The level set function and the pro-
jective transformation parametersare estimated in alternation by minimization
of the energy functional. The additional energy term that accourts for prior
knowledge is a distance measurebetween a planar (not necessarilyhorizontal)
sectionof the generalizedconeand the zero-crossingof the ewolving level setfunc-
tion. Correct segmetation of partly occluded and corrupted imagesis demon-
strated basedon a prior image taken with di®erent perspective distortion. The
transformation parametersare recoveredaswell and are in good agreemem with
the ground truth.

2 Unlev el-Sets

2.1 Previous framew ork

Mumford and Shah [16] proposedto segmem an input imagef:- ! R by
minimizing the functional
z z
. — 1 . 2 1 H 2 Hatit
E(u;C) = > (f i u)dxdy + , > jr ujcdxdy + °jCj ; (1)
- -iC

simultaneously with respect to the segmeiing boundary C and the piecewise
smooth approximation u, of the input imagef .
When the weight , of the smoothnessterm tends to in nit y, u becomesa
piecewiseconstart approximation, u = fu;g, of f . We proceedwith
1% £
E(u;C) = 3 (fi w)’dxdy+°jCj [i-i=-; -i\-;=; (2

In the two phase case, Chan and Vese [3] used a level-set function A 2 R®
to embed the cortour C = fx 2 - j A(X) = Og, and introduced the Heaviside
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function H (A) into the energy functional:
. £ 3 i &
Ecv(Aus;u; )= (fFi u)® HA)+ (Fi u; )L H(A)+ °jr H(A)j dxdy
' ©)

where Y "
o 1 A, 0
HIA= 5 otherwise )
Using Euler-Lagrange equations for the functional (3), the following gradient
descen equation for the ewolution of A is obtained:

@\ . TA 5 5

— =HA) °div(—=)i (fiu)+(fiuy : 5
a (A (]rAJ)l(l )+ (Fiou) ®)
A smooth approximation of H (A) (and +(A)) must be usedin practice [3]. The
scalarsu, andu; areupdated in alternation with the level setewolution to take
the meanvalue of the input imagef in the regionsA, O0andA< 0, respectively:

R . R .
_ e y)H (Adxdy u = feGy)(2i H(A)dxdy
H (A)dxdy : (Li H(A)dxdy

(6)

2.2 Shape prior
The energeticformulation (3) can be extendedby adding a prior shape term [7]:
E(Ajuc;u; ) = Ecv(AUs;u; ) + 'E shape (A); 1, O @)

B

We presernt two novel cortributions to this framework. One is a reformulation
of the distance measurebetween the prior and the ewlving level-set function,
outlined, in a preliminary form, in the rest of this subsectionand nalized in
subsection 2.5. The other is our unique way of embedding the prior contour
within the energy functional, motivated in subsections2.3-2.4, and formulated
in subsection2.5.

Initially , the shape-term we incorporate in the energy functional measures
the non-overlapping areasbetweenthe prior shape and the ewlving shape. Let
A be the level set function erzrbedding a prior shape contour. Then

N .

Eoupe (A= HAKY) i H(AKGY) ®)

Note that we do not enforce the ewlving level set function A to resenble A,
instead we demand similarity of the regionswithin the respective contours. Min-
imizing this functional with respectto Aleadsto the following evolution equation:
. . - 3 e
@\ . . TA . L
— = HA) odiv ()i (Fiu)?+(fiu)i22 HAi HA (9
@ r A
This shape-term is adequatewhen the prior and segmeited shapesare not sub-
ject to di®erert perspective distortions. Otherwise, the shape-term should incor-
porate the projective transformation, asdetailed in subsections2.5-2.6.Howeer,
a few key conceptsshould be introduced rst.
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Fig. 1. The cone of rays with vertex at the camera certer. An image is obtained by
intersection of this cone with a plane. A ray between a 3D scenepoint P and the
camera certer CC pierces the plane in the image points p 2 f and p® 2 f. All such
image points are related by planar homography, p° = Hpp. See[11].

2.3 Plane to plane pro jectivit y

An object in a 3D spaceand a cameracerter de ne a set of rays, and an image
is obtained by intersecting these rays with a plane. Often this set is referred
to as a cone of rays even though it is not a conein the classical sense.Now,
supposethat this cone of rays is intersected by two planes, as shown in Fig. 1.
Then, there exists a perspective transformation H mapping one image onto the
other. This meansthat the imagesobtained by the samecameracernter may be
mapped to one another by a plane projective transformation [8,11,9].

Let f and f % be the rst and the secondimage planes, respectively. Let K
denote a 3£ 3 internal calibration matrix. Consider two corresponding points,
p2f andp®2 f 9 expressedn homogeneousoordinates, which are two distinct
imagesof the 3D object point P = (X;Y;Z), takenwith the samecamera.Their
relation can be described by p°= KRK i 'p+ 2Kt. R is a 3£ 3 rotation matrix
andt = [ty;ty;t,] isatranslation vector. Thus, for any givenK , the homograpty
matrix Hp, such that p°= Hyp, canbe recoveredsimply by estimating the values
of R andt. Sinceonly the plane transformation is important for the segmemation
process,when the camerainternal parametersare not known, K can be set to
the identit y matrix, implying that the optical axis is normal to the image plane
f and the focal length is 1.

2.4 Generalized cone

A generalizedcon€’ or a conical surface,is a ruled surfacegeneratedby a moving
line (the generator) that passesthrough a xed point (the vertex) and cortin-
ually intersectsa xed planar curve (the directrix). Let Py = (Xy;Yy; Zvertex )
denote the conevertex, and let p, = (Xy;Yyv) be the projection of the vertex on
the directrix plane. We set, without loss of generality, X, = x, and Y, = V.

3 The concept of generalized cone (or cylinder) in computer vision has been intro-
duced to model 3D objects [2,15]. Its geometrical properties have been intensively
investigated, see[10, 18] and referencestherein.
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Now, consider a directrix, C = p(s) = (x(s);y(s)) which is a closed corntour,
parameterized by arc-length s, of an object shape in the plane Z = Zpjane = 0.
The generalizedcone surfaceis the ruled surfacede ned by:

O(r;s) = ©((1i r)p(s) + rpy) = (1 r)Zplane + I'Zyertex (10)

wherer variessmoothly from 1, that correspondsto the vertex, via 0, the direc-
trix, to someconveniert negative value.

When the vertex of the generalizedcone is located at the camera center,
the de nition of the generalizedcone coincideswith that of the cone of rays,
preseried in subsection2.3. It follows that by planar slicing of the generalized
cone, one can generatenew image views as though they had beentaken with a
cameraunder the perspective model. There is, howewer, one exception to this
analogy. The intersection of a coneand a plane is either a closedcurve, an open
curveor apoint. In projective geometryterminology, the latter two correspond to
projection of "nite points in the rst image plane to in nit y. We do not consider
ideal points and planesat in nit y. Phrasing it explicitly, our only concernis the
mapping of a given closedcurve to another closedcurve.

2.5 Reform ulation of the energy functional

The shape-term in the energyfunctional (7) is now extendedto accourt for pro-
jective transformations. The ewlution of the level-set function, given the prior
contour and an estimate of the pose parameters, is consideredin this subsec-
tion. The recovery of the poseparameters,given the prior contour and the curve
generatedby the zero-crossingof the estimated level-set function, is described
in subsection2.6.

Following subsection2.2, A embedsthe prior contour. For reasonsthat will
soon be explained, it is referred to asthe unlevel-setfunction and will take the
form of a generalizedcone.Let C = fx; yjA(x;y) = Og be the prior cortour in f,
and let T, be a posetransformation applied to the unlevel-set function A

Gy T )T = ROGY; AT +t (11)
The ewlving cortour in the image to be segmeted f ° is iterativ ely compared
with C% = fx%y9T,(A) = 0g which is the zero-crossingof the transformed
unlevel-set function. Note, that instead of changing the poseof the intersecting
plane and maintaining the generalizedcone xed, we rotate the generalizedcone
around its vertex and translate it, while keeping the intersecting plane xed.
Next, we apply the Heaviside function to the transformed unlevel-set function.
Thus, the shape-term of the energy functional (7) becomes
Z 3 '2
Eshape (A) = H(A) i H(Tp(A) dxdy (12)
and the gradient descen equation, derived similarly to (9), is
- . 3 3
@\ ] . A . P
—=#A) °div(—=)i (fiu)?+Eiu)?i 22 HA | H(T(A)
@ rA
(13)
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(b) (d)
Fig. 2. (a) A generalized cone is sliced by three planes, at Z = 0:3, Z = 0 and
Z = j 0:3.(b) The resulting intersections. (c) A generalized cone is intersected by

an inclined plane: ax + by+ cz+ d = 0. (d) The resulting contour.

2.6 Recovery of the transformation parameters

In order to solve (13), one hasto evaluate A simultaneously with the recovery of
the transformation T, of the unlevel-setfunction A The transformation param-
eters are evaluated via the gradient descen equations obtained by minimizing
the energyfunctional (12) with respect to ead parameter. We demonstrate this
for the special casesof pure translation and rotation.

Translation Translation of an image plane along the principal axis t, results
in scaling: As the planar section of the generalizedconeis closerto the vertex,
the cross-sectionshape is smaller, seeFigs. 2a-b. Thus, a scalefactor can be in-
corporated into the energyfunctional, in compatibilit y with the scenegeometry,
simply by translation. Equivalently, one can move the generalizedcone along
the principal axis, while the plane remains stationary at Z = 0. In the caseof
pure scaling, Tp(/X) is reducedto A+ t,. Substituting this expressioninto the
shape-term (12) of the energy functional, and minimizing with respect to t,,
givesthe following equation:

a z
aj =21 HA+ t,)(HA) i H(A+ t,))dxdy (14)

To accourt for generaltranslation t = (tx;ty;t;)T, we can substitute the ex-
pressionfor Tp(/X) (11) in (12), with R = I, where| is the identity matrix. The
shape term takesthe form

z

E shape (A) = (H (A)(X, y)i H (A(X oyt ty) tz))dedy

and the translation parameterst, andt, can be recovered similarly to t,.

Rotation Consider a tilted planar cut of the generalizedcone, as shavn in
Figs. 2c,d. The resulting contour is perspectively deformed, as a function of
the inclination of the intersecting plane and its proximity to the vertex of the
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cone. Equivalertly, one may rotate the generalizedconearound its vertex, and
zero-crossto get the sameperspective transformation.

Any rotation can be decompsedto rotations about the three axes(Euler's
rotation theorem), and can be represeried by a matrix R= Rx(®)Ry (" )Rz (°)
operating on a vector (x;y;z)":

2 3 2 32 _ . _32 i 32 3
x9 1 0 0 cos O jsin cos® sin® 0 X
4y05 =40 cos® sin®94 0 1 0 954 sin® cos°054y5
z° Ojsin®cos® sin 0 cos 0 01 =z

Let °~ be somerotation angle corresponding to any of the angles®, ~ or °. The
generalgradient descem equation for a rotation angleis of the form:

Z 3 .o
@ - " " @@ @@ @”
— =2 T H(A) i H(T == + == 1 = dxd
g- 2 N HAIHT®) oot gt @ PV
(15)
Note that z = A(x;y) and z° = Ty(A). The partial derivativesfor = = —, for
example, are
= j X cOos sin° j ysin sin° j z cos
= X sin® cos co0s°®+ y sin® cos sin® | z sin® (16)

X cos®cos cos®+ y cos®cos sin® j z cos®

9/R QR

and similarly for” = ®and” = °. The valuesof @°=@° and @*=@° are derived
numerically from the conesurfacevalues.

2.7 The unlevel-set algorithm

We summarizethe proposedalgorithm, for concurrent image segmeiation given
a prior cortour, and recovery of the projective transformation betweenthe cur-
rent and prior object instances.

1. The inputs are two imagesf and f© of the same object, taken with the
same camera, but under di®erert viewing conditions. The boundary C of
the object in f is known. The image f ° has to be segmeted. The image
plane of the ‘rst image f is assumedto be perpendicular to the principal
axis, at distance 1 from the cameracerter. The secondimage plane, of f © is
tilted and shifted relative to the rst one.

2. Given the contour C, construct a generalizedcone, using the expressionin
(10) with Zyerex = 1.

3. Choosesomeinitial level-setfunction A, for examplea standard right cone.

4. Setinitial values(e.g.zero)for ®, ,° ,ty, ty, andt,.

5. Compute the averagegray level valuesof the object and badkground pixels,
us and u; , using equation (6).
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(b) (© (d)
(f) (9 (h)

Fig. 3. Synthetic example. (a) Prior image. The contour is known (not shown). (b)
Successfulsegmenation: the "nal contour is shown (black) on the transformed and
corrupted image. (c) The nal contour C?obtained in (b). (d) Generalizedcone A, based
on the prior contour C. (e) Final level set function A. (f) Wrong segmenation: prior
knowledgewasnot used.(g) The nal contour obtained in (f). (h) Wrong segmenation:
the prior is used without incorporated the projective transformation.

6. Compute the values of Tp(ﬁ() according to equation (11), for the currently

estimated transformation parameters.

Update A accordingto the gradient descem equation (13).

8. Update t, using (14) for t, and similar equationsfor ty and ty, and (15) for
®,  and °, until convergence.

9. Repeat steps5-8 until convergence.

~

3 Exp erimental Results

To demonstrate our model, we presert segmetation results on various synthetic
and real images. Relative scaleand pose parameters between the image of the
known cortour and the image to be segmered have been estimated and com-
pared to the ground-truth, where available. The strength of this algorithm is
expressedby its weak sensitivity with respect to the parameters of the func-
tional. We use® = 50, = 25 unlessotherwise stated. Exclusion of the shape
prior knowledge from the functional meanssetting * to zero.

Consider the synthetic imagesshawn in Figs. 3a,b. Only the contour of the
object in Fig. 3a (not drawn) was known in advance and used as prior. The
object in Fig. 3b was generatedfrom Fig. 3a by rotation and translation with
the following parameters:Ry (®) = 0:3°, Ry (") = j 0:3° and Rz (°) = 6C° with
scalefactor of 0:9. It has also beenbroken and lightened. Note the signi cant
perspective distortion despite the fairly small rotations around the X and Y
axes.The black cortour in Fig. 3b is the result of the segmemation process.For
clarity, the "nal contour is preseried by itself in Fig. 3c. The generalizedcone



Unlevel-Sets: Geometry and Prior-based Segmeration 9

@ (b) (© (d)

(e) (f) (@) (h)

Fig. 4. Real image with synthetic transformation. (a) Prior image. The contour is
known (not shown). (b) Successfulsegmeration: the nal contour (black) on the trans-
formed image. (c) The Thal contour C° obtained in (b). (d) Generalized cone A, based
on the prior contour C. (e) The Tnal level set function A. (f) Wrong segmenation:
prior knowledge was not used. (g) The nal contours obtained in (f). (h) Wrong seg-
mentation: the prior is used without incorporating the projective transformation.

A that was constructed, basedon the known image cortour, using Eq. (10), is
shawn in Fig. 3d. Fig. 3eshows the "nal ewlving level-setfunction A. It is worth
emphasizingthat A and Tp(ﬁ() resenble in terms of their Heaviside functions -
that is by their zero-crossinggthe nal cortour), but not in their erntire shapes.
The estimated transformation parametersare: Ry (®) = 0:38, Ry (7) = j 0:4°,
Rz (°) = 56:6° and f, = j 0:107 - which corresponds to scaling of 0:893. When
no shape prior is used, eadh part of the broken heart is segmened separately
(Figs. 3f-g). Segmemation fails when the prior is enforced without recovery of
the transformation parameters,as showvn in gure 3h.

We next considerreal images,Figs. 4a-b, wherethe black contour around the
object in "gure 4b is again the segmemation result. The nal contour itself is
shown in Fig. 4c. The transformation betweenthe imageswas synthetic, sothat
the calculated parameterscould be comparedwith the ground-truth. The trans-
formation parametersare: Rx (®) = j 0:07%, Ry (") = 0:07% and Rz (°) = &°
with scaling factor of 0:8 . Compare with the recovered transformation parame-
ters: Ry (®) = j 0:062, Ry (7) = 0:072, Rz (°) = 7:9° and scaling of 0:81. The
generalizedcone A, basedon the given jar cortour, and the nal level set func-
tion A are shavn in Figs. 4d-e respectively. The jar shawn is black with white
badkground. Thus, without using the prior, the bright specular re°ection spots
spoil the segmetation, asshawn in Figs. 4f-g. Again, whenthe prior is enforced,
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(@) (b) (© (d)

(e) (f) () (h)

Fig. 5. Real image with synthetic noise. (a) Prior image. The contour is known (not
shown). (b) Successfulsegmertation: the nal contour (black) on the transformed im-
age.(c) The Tnal contour C?obtained in (b). (d) Generalized cone A, basedon the prior
contour C. (e) Final level set function A. (f) Wrong segmeration: prior knowledge was
not used. (g) The nal contours obtained in (f). (h) Wrong segmernation: the prior is
used without incorporating the projectiv e transformation.

but the transformation parametersare not recovered, segmetation fails as seen
in Fig. 4h.

To ched simultaneous translations along the X, Y and Z axeswe applied
our algorithm to the imagesshown in Figs. 5a-b. The noisy Fig. 5b is segmened
correctly (black corntour) in spite of the signi cant translation with respect to
the prior. No preprocessingalignment has been performed. The functional pa-
rameters in this casewere! = 13 and ° = 40. The recovered transformation
parametersare: ty = 19.54,t, = j 188, t, = 0:08.

Finally, we demonstrate the method using a real object (mannequin head),
which has actually been rotated, moved and occluded, as seenin Figs. 6a-c.
The algorithm is able to segmen the head precisely in spite of the covering
hat which has color similar to that of the mannequin. The segmeting contour
accurately traces the prole of the mannequin, despite the signi cant trans-
formation. Sincethe actual transformation was not measured,then in order to
con rm the recoveredtransformation parameters,Fig. 6eshowsthe zero-crossing
of the transformed generalizedconetogether with the "nal segmeting contour
(Fig. 6d).

Translation and rotation of non-planar objects may reveal previously hidden
points and hide others. Therefore, the visible contour in a new instance of the
object might be signi cantly di®erer from the reference However, asseenin the
jar and mannequin examples,for moderate transformations of these non-planar
objects, promising segmetation results are obtained.
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@) (b) (©) (d)

(e) ®) ) (h)

Fig. 6. Real example. (a) Referenceimage (mannequin head). The contour is known
(not shown). (b) New instance of the mannequin head, rotated and translated. (c) Suc-
cessful segmernation: the nal contour (black) on the transformed mannequin head.
The segmertation is precise despite the covering hat. (d) The nal contour C° ob-
tained in (b). (e) The "nal contour asin (d), drawn on the Heaviside function of the
transformed generalizedcone: H (T, (A)). This shows the compatibilit y betweenthe cal-
culated and actual transformation parameters. (f) Final shape of the evolving level set
function A. (g) Final contour obtained without using a shape prior. (h) Final contour
obtained using the prior but without recovery of the transformation parameters.

4 Discussion

Detection of an object in a corrupted image, basedon a referenceimage taken
with from a di®erent view-point, is a classical challenge in computer vision.
This paper preserts a novel approach that makes substartial progresstowards
this goal. The key to this accomplishmen is the unique integration of scene
geometry with the variational approac to segmetation. The referenceshape is
the foundation of a generalizedcone.In principle, the zerolevel set of an ewolving
function, related to the image features, is matched with unlevel sectionsof the
generalizedconethat correspond to projectively deformed views of the shape.
The suggestedalgorithm successfullyaccourts for scaleand posevariations
under the perspective model, including rotation outside the image plane, without
using point correspondence.The algorithm convergesempirically even for fairly
large transformations and signi cantly corrupted images. Promising segmeia-
tion results and accurate numerical estimation of the transformation parameters,
suggestthis model as an excient tool for segmemation and image alignmert.



12

Riklin-Ra viv, Kiry ati and Sochen

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. G. Aubert and P. Kornprobst. Mathematical Problemsin Image Processing: Partial
Di®erential Equations and the Calculus of Variations. Springer, 2002.

. T.O. Binford. Visual perception by computer. In Proc. IEEE Conf. Systemsand
Control, Decenber 1971.

. T.F. Chan and L.A. Vese. Activ e contours without edges. IEEE Trans. Image
Processing 10(2):266{277, February 2001.

. Y. Chen, S. Thiruv enkadam, H.D. Tagare, F. Huang, and D. Wilson. On the
incorporation of shape priors into geometric active contours. In VLSMO1, pages
145{152, 2001.

. D. Cremers, T. Kohlb erger, and C. Schnorr. Nonlinear shape statistics via kernel
spaces.In DAGMO01, pages269{276, 2001.

. D. Cremers, T. Kohlb erger,and C. Schnorr. Nonlinear shape statistics in mumford-
shah based segmernation. In ECCV02, volume II, pages93{108, 2002.

. D. Cremers, N. Sochen, and C. Schnorr. Towards recognition-based variational
segmernation using shape priors and dynamic labeling. In Intl. Conf. on Sale-
Space Theories in Computer Vision, pages388{400, June 2003.

. O. Faugeras. Three-Dimensional Computer Vision: A Geometric Viewpoint. MIT
Press, 1993.

. O. Faugeras,Q.T. Luong, and T. Papadopoulo. The Geometry of Multiple Images

MIT Press, 2001.

D.A. Forsyth and J. Ponce. Computer Vision: A Modern Approach. Prentice Hall,

2003.

R. I. Hartley and A. Zisserman. Multiple View Geometry in Computer Vision.

Cambridge University Press, 2000.

M. Irani and P. Anandan. All about direct methods. In W. Triggs, A. Zisserman,

and R. Szeliski, editors, Vision Algorithms: Theory and Practice. Springer-Verlag,

1999.

M. Leventon, O. Faugeraus,W. Grimson, and W. Wells|Il. Level setbasedsegmen-

tation with intensity and curvature priors. In Workshop on Mathematical Methods

in Biomedical Image Analysis Proceedings, pages4{11, June 2000.

M.E. Leventon, W.E.L. Grimson, and O. Faugeras. Statistical shape in°uence in

geadesic active contours. In CVPROO, volume |, pages316{323, 2000.

D. Marr. Vision: A Computational Investigation into the Human Representation

and Processing of Visual Information . W.H. Freeman, 1982.

D. Mumford and J. Shah. Optimal approximations by piecewise smooth func-

tions and assciated variational problems. Communications on Pure and Applied

Mathematics, 42:577{684, 1989.

S. Osher and J.A. Sethian. Fronts propagating with curvature-dependert speed:

Algorithms based on Hamilton-Jacobi formulations. Journal of Computational

Physics, 79:12{49, 1988.

K.G. Rao and G. Medioni. Generalized cones: Useful geometric properties. In

CVIP92, pages185{208, 1992.

A. Tsai, A. Yezzi, Jr., W.M. Wells, Ill, C. Tempany, D. Tucker, A. Fan, W.E.L.

Grimson, and A.S. Willsky . Model-based curve evolution technique for image seg-

mentation. In CVPRO01, volume |, pages463{468, 2001.

S. Ullman. High-Level Vision: Object Recognition and Visual Cognition. MIT

Press, 1996.



