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VARIATIONAL METHOD ON RIEMANN SURFACES USING
CONFORMAL PARAMETERIZATION AND ITS APPLICATIONS

TO IMAGE PROCESSING �

LOK MING LUI y , XIANFENG GU z , TONY F. CHAN x , AND SHING-TUNG YAU {

Abstract. Variational method is a useful mathematical tool in various areas of research, espe-
cially in image processing. Recently, solving image proces sing problems on general manifolds using
variational techniques has become an important research to pic. In this paper, we solve several image
processing problems on general Riemann surfaces using vari ational models de�ned on surfaces. We
propose an explicit method to solve variational problems on general Riemann surfaces, using the
conformal parameterization and covariant derivatives de� ned on the surface. To simplify the com-
putation, the surface is �rstly mapped conformally to the tw o dimensional rectangular domains, by
computing the holomorphic 1-form on the surface. It is well k nown that the Jacobian of a conformal
map is simply the scalar multiplication of the conformal fac tor. Therefore with the conformal para-
meterization, the covariant derivatives on the parameter d omain are similar to the usual Euclidean
di�erential operators, except for the scalar multiplicati on. As a result, any variational problem on
the surface can be formulated to a 2D problem with a simple for mula and e�ciently solved by well
developed numerical scheme on the 2D domain. With the propos ed method, we solve various image
processing problems on surfaces using di�erent variationa l models, which include image segmen-
tation, surface denoising, surface inpainting, texture ex traction and automatic landmark tracking.
Experimental results show that our method can e�ectively so lve variational problems and tackle
image processing tasks on general Riemann surfaces.

Key words. Variational method, conformal parameterization, holomor phic one form, conformal
factor, covariant derivative.

AMS subject classi�cations. 35Q93, 49M25, 58C05, 65K10

1. Introduction. Solving variational problem is an important topic in mathe-
matics. A lot of daily life problems can be solved by formulating them as variational
problems that minimize certain kind of energy functionals. This type of problem has
a very long history and has found various applications in di�erent research areas such
as physics, control theory, statistics as well as image processing. For example, a lot of
partial di�erential equations (PDEs) in physics are derived from the Euler-Lagrange
equations of the variational problems. In computer vision research, many problems,
such as image denoising and image segmentation, can also be solved by variational
approaches [1][2][3][4][5].

Solving variational problems in the usual Euclidean domainhas been studied ex-
tensively [6]. Recently, researchers have been more and more interested in solving
variational problems on general surfaces or manifolds. Applications exist in di�erent
areas of research, such as computer vision, computer graphics, image processing on
the surface, geometry modeling, medical imaging as well as mathematical physics. In
medical imaging research, variational methods are often used for surface registration,
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feature extraction, surface parameterization and so on [7][8][9]. Besides, a lot of 2D
image processing techniques can be extended to the surface by variational methods
on the manifolds, such as image denoising, image inpaintingon the surface, brain
mapping, etc [10][11][12][13]. Geometry modeling can alsobe done via variational
methods. Examples include surface smoothing, �lling missing holes on the surface,
etc [14]. In 
uid dynamic, researchers are interested in simulating the 
uid 
ow and
solidi�cation on the surface, via solving di�erent 
ow mode ls [15][16].Some other ap-
plications include texture synthesis [17][18], vector �eld visualization [19], weathering
[20], interpolation process [21][22] and inverse problem [23]. Therefore, it is of great
interest to develop a general and e�cient method to solve variational problems on the
surface.

In this paper, we describe an explicit method to solve variational problems on
general Riemann surfaces, using the conformal parameterization of the surface. In
general, variational problem is usually solved by computing its Euler-Lagrange equa-
tion, which is essentially a partial di�erential equation. Therefore, it is important
to understand how to do calculus on general manifolds. On Riemann surfaces, dif-
ferential operations are done through covariant derivatives [24][25][26]. Essentially,
they are a set of coordinate invariant operators for taking directional derivatives of
the functions or vector �elds de�ned on the surface. Covariant derivatives are de-
�ned locally through the local parameterization of the mani fold [25]. With arbitrary
parameterization, the formulae for the covariant derivatives are generally very com-
plicated. It results in computational di�culties and numer ical inaccuracies. Here,
we propose to parameterize the surface conformally with theminimum number of
coordinates patches. The Riemannian metric of the conformal parameterization is
simple, which is just the scalar multiplication of the conformal factor, � . The co-
variant derivatives on the surface can be computed on the 2D domain with simple
formula. The corresponding formula for the covariant derivatives on R2 are similar
to the usual Euclidean di�erential operators, except for a scaling factor � . Therefore,
with the conformal parameterization, the variational prob lems on general surfaces can
be transformed to the 2D problems with much simpler equations. The problem can
then be solved by using some well-known numerical schemes.

The key advantages of this method are as follow:

� Firstly, by mapping the surface to the 2D domain, the problem on the surface
are transformed into the 2D problem. It can then be solved by e�cient 2D
numerical methods, instead of solving it on the complicatedsurface.

� Secondly, the simple Riemannian metric of the conformal parameterization
allows us to have a simple formula for the covariant derivatives on the 2D
domain. It makes computation much easier and reduces numerical inaccuracy.

� Thirdly, in our algorithm, covariant derivatives are compu ted via conformal
parameterization without the orthogonal projection of the normal. It is dif-
ferent from some other methods, in which orthogonal projection is needed to
ensure the approximated covariant derivatives are tangentto the surface. In
our algorithm, the surface is identi�ed with the 2D parameter domain with a
speci�c Riemannian metric. Every tangent vector of the surface is represented
by a 2D vector in the parameter domain and thus orthogonal projection is
unnecessary. It simpli�es the problem and avoids possible error arising from
the inaccurate approximation of the normal.

� Fourthly, our algorithm allows us to compute the conformal parameterization
of the surface with the minimum number of coordinate patches. For most of
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Table 1
The list of three common methods that solve variational prob lems/PDEs on general surfaces.

Method Principle Comments

Discretization
on surface tri-
angulation [10],
[27], [16]

Covariant di�erential operators on
the surface are approximated by �-
nite element methods on the trian-
gulation grids.

Orthogonal projection is needed in
some cases to ensure the approx-
imated covariant derivatives to be
tangent to the surface.

Level set ap-
proach [28], [29]

The surface is represented by the
zero set of a level set function and
the PDE on the surface is extended
to a PDE that is de�ned on a nar-
row band of the surface.

Equations can be solved by Carte-
sian grid methods on the narrow
band.

Surface para-
meterization
[30], [15], [13]

The surface is parameterized to a
simple domain such as the 2D rec-
tangle. Di�erential operators on
the surface are expressed within the
coordinates system.

The complexity of the di�eren-
tial operators' expression depends
mainly on the parameterization,
which may result in more deriva-
tive terms and non-constant coef-
�cients.

the classical parameterization methods, the surface is segmented into many
portions and each portion is mapped to the 2D parameter domain. In our
algorithm, we parameterize the surface with the minimum number of coordi-
nate patches and the parameterization results are consistent along the patch
boundaries because of its global parameterization nature.Speci�cally, the
number of coordinate patches is 2g � 2, where g is the genus of the surface.
The parameterization is intrinsic and depends on the holomorphic 1-form,
which is in a �nite dimensional linear space. Since our segmentation is based
on the holomorphic 1-form, the segmentation result is �nite and purely de-
termined by holomorphic 1-form selection. Thus we could always select the
segmentation that is the most appropriate to solve the PDEs.

� Finally, the conformal metric on the 2D parameter domain is induced by the
actual metric of the original surface. As a result, by computing the derivatives
on the 2D domain with respect to the conformal factor, we are computing
the actual covariant derivatives on the surface.

2. Related works. Solving variational problems or PDEs on surfaces has been
studied extensively. A popular method to solve the PDEs on surfaces is to discretize
the problem on the surface triangulation [10][27][16]. In this approach, the covariant
di�erential operators on the surface are approximated by �n ite element methods on
the triangulation grids.

Another common approach is to solve the PDE on the implicit manifold, which
is based on the level set method [28][29]. In this approach, the surface is the zero set
of level set function de�ned in R3, in which the surface is embedded in. The PDE on
the surface is extended to be de�ned on a narrow band of the surface. Recently, Ratz
et al. [31] proposed to solve the PDEs on the surface implicitly by reformulating the
problem on a larger domain in one higher dimension and introduce a di�use interface
region of a phase-�eld variable, which is de�ned in the wholedomain. The surface of
interest is now only implicitly given by the 1

2 -level set of this phase-�eld variable.
Variational problems or PDEs on surfaces can also be solved by parameterizing

the surface onto the 2D parameter domain [30][15][13]. Di�erential operators on the
surface are expressed within the coordinates system. The complexity of the di�erential
operators' expression depends mainly on the parameterization, which may result in
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Fig. 1 . Illustration of the conformal parameterizations of di�ere nt surfaces. The parameteri-
zations are computed by integrating the holomorphic di�ere ntial one form de�ned on the surfaces.
(A), (B), (C) and (D) show the conformal parameterizations o f a 2-torus, a human face, a lateral
ventricular surface and a human brain cortical surface [32] respectively.

more derivative terms and non-constant coe�cients. To impr ove this method, our
group have recently reported brie
y about using conformal mapping to parameterize
the surface. The formula of the covariant derivative under conformal parameterization
are comparatively simple [13]. To test the method, we have also reported application
of the algorithm to feature extraction in the brain mapping r esearch [9][32].

We have summarized the three common parameterization methods in Table 1.

3. Theoretical background.

3.1. Conformal parameterization of Riemann surface. All Riemann sur-
faces are locally Euclidean. Given two Riemann surfacesM and N . We can represent
them locally as � M (x1; x2) : R2 ! M � R3 and � N (x1; x2) : R2 ! N � R3 re-
spectively, where (x1; x2) are their coordinates. The inner product of the tangent
vectors at each point of the surface can be represented by its�rst fundamental form.
The �rst fundamental form on M can be written as ds2

M =
P

i;j gij dxi dxj , where

gij = @�M
@xi � @�M

@xj and i; j = 1 ; 2. Similarly, the �rst fundamental form on N can be
written as ds2

N =
P

i;j egij dxi dxj where gij = @�N
@xi � @�N

@xj and i; j = 1 ; 2. Given a map
f : M ! N between theM and N . With the local parameterization, f can be repre-
sented locally by its coordinates asf : R2 ! R2, f (x1; x2) = ( f 1(x1; x2); f 2(x1; x2)).
Every tangent vectors ~v on M can be mapped (push forward ) by f to a tangent
vectors f � (~v) on N . The inner product of the vectors f � ( ~v1) and f � ( ~v2)), where ~v1

and ~v2 are tangent vectors onM , is:

f � (ds2
N )(v1; v2) := < f � (v1); f � (v2) >

=
X

i;j

egij f � (vi ) � f � (vj )

=
X

i;j

(
X

m;n

egmn
@fi
@xm

@fj
@xn

)vi vj ):

(1)
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Therefore, a new Riemannian metricf � (ds2
N ) on M is induced by f and ds2

N ,
called the pull back metric . We say that the map f is conformal if

f � (ds2
N ) = � (x1; x2)ds2

M

A parameterization ' : R2 ! M is a conformal parameterization if ' is a
conformal map.

Intuitively, a map is conformal if it preserves the inner product of the tangent
vectors up to a scaling factor, called the conformal factor� . An immediate conse-
quence is that every conformal map preserves angles. Figure1 shows several examples
of conformal parameterization examples. Figure 1(A), 1(B), 1(C) and 1(D) show the
conformal parameterizations of a 2-torus, a human face, a lateral ventricular surface
and a brain cortical surface respectively [32].

3.2. Di�erential operator on general manifolds. The calculus of variation
has found various important applications. Di�erentiation and integration are the basic
tools for solving this kind of problem. In order to extend the calculus of variation on
the 2D domain to 3D Riemann surface, di�erential operators on surfaces are needed.
On the Riemann surface, di�erential operators are de�ned by covariant derivatives.
Essentially, they are a coordinate invariant set of operators for taking directional
derivatives of the functions or vector �elds de�ned on the surface S.

Generally, the covariant derivative r X F , where X is a tangent vector onS, F is
either a function or a vector �eld de�ned on S, satis�es the following properties:

(I) r X F is linear in X over C1 (S): r fX 1 + gX 2 F = f r X 1 F + gr X 2 F .
(II) r X F is linear over R in F : r X (aF1 + bF2) = ar X F1 + br X F2.
(III) r satis�es the product rule: r X (fF ) = f r X F + X (f )F

(Here, we de�ne X (f ) = d
dt jt =0 f (� (t)) where � : (� 1; 1) ! S is a curve on S such

that � 0(0) = X .)
This basically de�nes the covariant derivatives. r X F is called the covariant

derivative of F in the direction X .
Let ' : R2 ! S be a parameterization ofS (not necessarily conformal). De�ne

g = ( gij ) i;j =1 ;2 where gij = ' x i � ' x j are the Riemannian metric coe�cients. Let
F = F1 ' x 1 + F2 ' x 2 and X = X 1' x 1 + X 2' x 2 be a vector �eld and a tangent vector
on S respectively. Let f : S ! R be a function de�ned on S. Then:

r X f =
2X

i;j;k =1

(gij @i f )X k gjk

r X F =
2X

i;j;k =1

(XF k + X i Fj � k
ij )' x k

(2)

where � k
ij = � 2

l =1
1
2 gkl (@i gjl + @j gil � @l gij ) and (gij ) i;j =1 ;2 is the inverse ofg.

Note that the complexity of the covariant derivative depends solely on the com-
plexity of the Riemannian metric g. An arbitrary parameterization might have a very
complicated g. It is thus important for us to look for a parameterization th at gives
simple Riemannian metric g. It turns out that the conformal mapping is such a map
that has simple Rimannian metric.

With covariant derivative, we can de�ne other useful di�ere ntial operators on S,
which are analogous to those onR2. We are going to list several of them below.
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Firstly, the gradient of the function f , r S f , is characterized by the fact that:

X (f ) = < r S f; X > S (3)

By simple checking, we get thatr f has the following coordinate expression:

r S f =
2X

i;j =1

gij @i f ' x j (4)

Secondly, we can de�ne divergence onS as follow:

r S � F :=
1

p
det(g)

2X

i =1

@i (
p

det(g)Fi ) (5)

With the de�nition of the gradient and the divergence, we can de�ne the Laplacian
operator on S as follow:

4 S f := r S � (r S f ) = r S � (
2X

i;j =1

gij @i f )

=
1

p
det(g)

2X

i =1

@i (
p

det(g)
2X

j =1

gji @j f )

(6)

A more complete development of various di�erential operators on the surface can
be found at [32].

4. Global conformal parameterization of Riemann surface. In order to
solve the variational problems on the surface, we �rstly parameterize the surface
onto the two dimensional parameter domain (see Figure 1). The problem is then
solved on the parameter domain, instead of being solved on the original surface. It is
desirable to look for a parameterization with simple Riemannian metric to simplify
the computation. It turns out conformal parameterization i s the best for this purpose.

Surface conformal parameterization has been widely studied. Several researchers
[33][34] have proposed di�erent methods to compute the conformal parameterization
for topological disk, by introducing the discrete Dirichlet energy, discrete harmonic
map, shape-preserving method and so on. Haker et al. [35][36] computed the global
conformal map by approximating the Laplace-Beltrami through a linear system. Gu
et al. [37] proposed a non-linear variational method to compute the global conformal
parameterization of a genus zero surface by minimizing the harmonic map. As for the
high genus surface, Gu et al. [38] proposed a method to parameterize the surface to
2D rectangles by computing its holomorphic 1-form. It is done by approximating the
De-Rham cohomology. Recently, Wang et al. [39] systematically analyzed a family
of quasi-conformal maps including harmonic maps, conformal maps and least-squares
conformal maps with regards to 3D shape matching. As a resultthey proposed a
shape matching framework by using the least-squares conformal maps. In this paper,
we will apply the algorithm by Gu et al. [38][37] to get the conformal parameterization
of the surfaces by computing its holomorphic 1-form. We are going to describe brie
y
the basic idea of this algorithm in this section.

To parameterize a compact surface onto 2D rectangles, one intuitive technique
is to cut it open along some suitable cutting boundaries. Forexample, a torus of
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genus one can be cut open and mapped to a rectangle along two cutting boundaries.
Similarly, a torus of genus two can also be mapped to two rectangles by introducing
suitable cut (see Figure 3). If the cut is suitably chosen, the parameterization could
be conformal. In the algorithm that we use to parameterize the surface, we search for
the suitable cutting boundaries on the surface in order to get a conformal map. This
is done by computing the holomorphic one form on the surface.The holomorphic one
form ! is a complex analytic di�erential form.

To compute the holomorphic 1-form, we start by computing a harmonic 1-form
! on the surface. Similar to complex analysis, we can compute aharmonic conjugate
� ! of ! , such that W := ! + i � ! is a holomorphic (analytic) 1-form. The basis of
harmonic 1-form can be computed from the dual basis of the homology basis. The
homology basis is a set of non-constant closed curves (up to homotopic) on the surface.
For example, Figure 2 shows the homology basis on di�erent surfaces. (A) shows the
homology basis f e1; e2gon a genus one torus. (B) shows the homology basis of a
genus two surface, which consists of 4 cutting boundaries. (C) shows the homology
basis of a genus four surface, which consists of 8 cutting boundaries. As we cut along
the suitable cutting boundaries of the surface, we can map the surface onto the 2D
rectangles.

Given a homology basisf e1; :::; e2gg on the surface, we can compute a set (basis)
of the harmonic 1-formsf ! 1; :::; ! 2gg (cohomology) by solving the following system:

8
<

:

d! =
P 3

i =1 ! ([uj � 1; uj ]) = 0 ; 8[u0; u1; u2] 2 M; u 0 = u3 (closedness);
4 ! =

P
[u;v ]2 M ! ([u; v]) = 0 8[u; v] 2 M (harmonicity);R

ei
! =

P n i
i =1 ! ([ui

j � 1; ui
j ]) = � ij 8ei =

P n i
j =1 [ui

j � 1; ui
j ]; ui

0 = ui
n i

(conjugacy):

where [u0; u1; u2] represents a face onM ; [u; v] represents an edge onM ; kuv =
1
2 (cot� + cot� ) in which �; � are the angles against the edge [u; v].

After we get the holomorphic 1-form, we can compute the conformal parameteri-
zation � by integrating the one form: � (p) =

R

 ! =

R

 f (z� )dz� , where 
 is any path

joining p to a �xed point c on the surface and! = f (z� )dz� .
Double covering techniques are applied to surfaces with boundaries to convert

them to closed symmetric surfaces.
Further details about the algorithm can be found in [38], [37].

5. Solving variational problems on Riemann surface with the conformal
parameterization. In section III(B), we have described how di�erential operators
are de�ned on the surface with the given parameterization. With the concept of
di�erentiation and integration on the surface, we can use calculus of variation to
solve variational problems on surfaces. In this section, wewill describe how covariant
derivatives can be easily compued using the conformal parameterization and how it
can be applied to solve variational problems.

5.1. Computation of convariant derivatives using conforma l parame-
terization. Given a parameterization of the surface S, we can express thesurface
di�erential operators within its coordinates. In section I II(B), we have discussed how
covariant derivatives can be computed with the various formulae de�ned on R2. The
formulae consists of the Riemannian metric coe�cientsgij , which are functions de�ned
on S. With an arbitrary parameterization, the Riemannian metri c can be complicated.
As a result, the equation of the surface di�erential operators can become substantially
complex when written in the coordinate system, involving non-constant coe�cients
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Fig. 2 . Homology basis (cutting boundaries) on di�erent surfaces. (A) shows the homology basis
f e1 ; e2gon a genus one torus. (B) shows the homology basis of a genus tw o surface, which consists
of 4 cutting boundaries. (C) shows the homology basis of a gen us four surface, which consists of 8
cutting boundaries.

Fig. 3 . Illustration of how the conformal parameterization can be c omputed by introducing
suitable cutting boundaries. The top shows how a genus one su rface can be mapped to a 2D rectangles
by cutting along the suitable cutting boundaries. The botto m shows how a genus two surface (2-torus)
can be mapped to two rectangles.

and more derivative terms. Therefore, it is important to look for a parameterization
with simple Riemanninan metric.

As described in section III(A), the conformal parameterization has a simple Rie-

mannian metric, namely, gij =
�

� if i = j ;
0 if i 6= j:

In other words, the four metric co-

e�cients are reduced to one coe�cient metric � , called the conformal factor. With
this property, surface di�erential operators can be expressed within the conformal
coordinates with simple formulae. The expressions are similar to the usual Euclidean
di�erential operators, except for a scalar multiplication of the conformal factor. The
conformal factor at a point p on the surfaceS can be determined by computing the
scaling factor of a small area aroundp under the parameterization � : R2 ! S. Math-
ematically, � (p) = Area (B � (p))

Area ( � � 1 (B � (p ))) , where B � (p) is an open ball around p of radius
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Fig. 4 . The plot of the conformal factor � of a human face verses u and v of the parameter
domain. The conformal factor is a smooth function which desc ribe the stretching e�ect under the
conformal parameterization. Observe that the approximati on of the conformal factor function is
reasonably smooth.

Fig. 5 . (A) shows the conformal coordinates grid on the dog surface i ntroduced using the
conformal parameterization. (B) shows the histogram of g12 = g21 of a Riemann surface under the
conformal parameterization. Observe that g12 = g21 are very close to zero at most vertex. It means
the Riemannian metric is a diagonal matrix, which results in simple expression for the covariant
derivatives.

p. Figure 4 shows the plot of conformal factor � verses u and v of the parameter
domain. The conformal factor is a smooth function which describe the stretching
e�ect under the conformal parameterization. Observe that the approximation of the
conformal factor function is reasonably smooth. Figure 5(B) shows the histogram
of g12 of the Riemann surface under the conformal parameterization. Note that by
de�nition, g12 = g21 = � u � � v , where � (u; v) is the conformal parameterization of
the surface. Observe thatg12(= g21) are very close to zero at most vertex. It means
the Riemannian metric is a diagonal matrix, which results in simple formulae for the
covariant derivatives.

We will now express some of the most important surface di�erential operators
under the conformal parameterization� of the surface. From section III(B), we have



522 L. M. LUI ET AL.

Fig. 6 . This �gure demonstrates the importance of including the con formal factor in computing
the di�erential operators on the manifold. (A) shows a unit s phere (minus a hole near the south
pole) with noise introduced near the south pole. The surface is parameterized conformally to the 2D
parameter domain with large stretching near the south pole. (B) shows the graph of the Eulcidean
TV norm of the noise: T Veucl: (g) = jr gj. Observe that it does not re
ect the noise on the surface
due to the strectching e�ect. (C) shows the manifold version of the TV norm (with conformal factor
included): T Vmanifold (g) = 1

� jr gj. It e�ectively re
ects the noise on the surface. (D) shows th e
denoising result which minimize the Eulcidean TV energy. Th e noise cannot be removed. (D) shows
the denoising result which minimizes the manifold TV norm. T he noise is successfully removed.

discussed the expression ofr S f , 4 S f , � k
ij and r X Y under general parameterization

of the surface, wheref : S ! R, X; Y are vector �elds de�ned on S. Substituting
g11 = g22 = � ; g12 = g21 = 0 into the equations (3)(4)(5), we obtained simple formulae
for these important surface di�erential operators within t he conformal parameter
domain:

r S f = D x f ~i + D y f ~j

divS ~X =
1
�

@
@x

(�X 1) +
1
�

@
@y

(�X 2)

4 S f =
1

p
�

@2

@x2
(f � � ) +

1
p

�

@2

@y2
(f � � )

(7)

where D x f = 1p
�

@
@xf � � ;D y f = 1p

�
@

@yf � � ; (~i ;~j ) =

( @
@x=

q
< @

@x;
@

@x > S ; @
@y=

q
< @

@y;
@

@y > S ); @
@x := @�

@x and @
@y := @�

@y are the pro-

jected tangent vectors of e1 = (1 ; 0) and e2 = (0 ; 1) onto the surface under the
conformal parameterization � respectively; ~X = ( X 1; X 2) = X 1

@
@x+ X 2

@
@y; f : S ! R

is a smooth function onS.
As shown above, the expressions for the surface di�erentialoperators are very

similar to the usual Euclidean di�erential operators, except for a scalar multipli-
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cation of the conformal factor � . It means the conformal parameterization pro-
vides a natural coordinates grid on the surface. Intuitively, the conformal para-
meterization preserves the inner product up to a scaling factor and so the local
geometry is preserved up to a scaling of� . As a result, the di�erentials on S are
well-preserved, except for a multiplication of

p
� , to adjust for the length stretch-

ing and � for area distortion. With this conformal grid on the surface, we can
consider D x f and D y f as the analogous partial derivatives onS. For example,
D x f = lim 4 x ! 0

f � � (x + 4 x;y ) � f � � (x;y )
dist ( � (x + 4 x ) ;� (x )) = lim 4 x ! 0

f � � (x + 4 x;y ) � f � � (x;y )p
� 4 x

= 1p
�

@f� �
@x .

Several important equations that are useful for the calculus of variation on R2 are
also valid on general surfaces. For example, we have the integration by part formula
on surface:

Z

S
(u4 Sv � v4 Su)dV =

Z

@S
(ur Sv �

�!
N � vr Su �

�!
N )deV (8)

The analogous Green's formula on the surface is:
Z

S
< r Su; ~X > S dV = �

Z

S
udivM ~SdV +

Z

@S
u < ~X; ~N > d eV (9)

where ~N is the unit normal vector.
Furthermore, given a smooth function h : S ! R, the length L of the zero level

set h� 1(0) of h, which is a curve on the surface, can be computed similarly asin R2:

L =
Z

S
� (h)

p
< r S h; r Sh >dA =

Z

S

p
< r SH (h); r S H (h) >dA

=
Z

R 2
� (h � � )

p
� jjr h � � jjdxdy =

Z

R 2

p
� jjr H (h � � )jjdxdy

(10)

where H is the Heaviside function.
The geodesic curvatureG of h� 1(0) can also be computed as:

G = divS (
r Sh

jjr Shjj
) (11)

similar to the case in R2.

5.2. Examples. Since the important equations useful for the calculus of varia-
tion on R2 can be extended to general surfaces, we can solve the variational problems
on the surface easily using the di�erential operators de�ned in III(B). In this section,
we will demonstrate the theoretical concept by consideringtwo examples.

Example 1 (Harmonic Energy).
SupposeS is a Riemann surface with boundary @S. Let � : R2 ! S be its

conformal parameterization. We are interested in looking for a smooth function f :
S ! R that minimizes: E(f ) =

R
S jjr S f jj2

SdS and f = 0 on @S. Consider:

d
dt

jt =0 E(f + tg) =
Z

S
jjr S (f + tg)jj2

SdS =
Z

S
< (r S f + tr S g); (r S f + tr Sg) > S dS

= 2
Z

S
< r S f; r Sg > S dS = 2

Z

S
(4 S f )gdS:

(12)
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So, the Euler-Lagrange equation is:

df t

dt
= � 24 S f t or

df t � �
dt

= �
2

p
�

4 f t � � on the parameter domain. (13)

It is observed that the Euler Lagrange equation of the harmonic energy on the
surface is the same as its 2D version, except that the di�erential operators in the
equation have to be replaced by the manifold operators. The corresponding equation
on the parameter domain is similar to its 2D version on R2, except for a scaler
multiplication of the conformal factor. When � = 1, the Riemann surface is 
at and
so it becomes identical to its 2D version.

Example 2 (Total Variation).
Suppose now we are interested in looking for a minimizerf : S ! R of E(f ) =R

S jjr S f jjSdS where f = 0 on @S. Consider:

d
dt

jt =0 E(f + tg) =
Z

S
jjr S (f + tg)jjSdS =

Z

S

p
< (r S f + tr Sg); (r S f + tr Sg) > SdS

= 2
Z

S
<

r S f
jjr S f jjS

; r Sg > S dS = 2
Z

S
divS (

r S f
jjr S f jjS

)gdS:

(14)

So, the Euler Lagrange equation becomes:

df t

dt
= � 2divS (

r S f t

jjr S f t jjS
)

or
df t � �

dt
= �

2
�

divS (
r S f t � �

jjr S f t � � jjS
) on the parameter domain.

(15)

Again, the Euler Lagrange equation of the Total Variation energy is the same
as its 2D version, except for the replacement of the 2D di�erential operators by the
manifold di�erential operators. The corresponding equation on the parameter domain
is also similar to its 2D version onR2, except for the scaling of the conformal factor.

In general, the Euler Lagrange equation can be obtained easily from its 2D version
by replacing the 2D di�erential operators by the manifold di �erential operators. The
corresponding equation on the 2D parameter domain is similar to its 2D version,
except for a scaling of the conformal factor.

5.3. The meaning of including the conformal factor. Intuitively, the mean-
ing of scaling the di�erential operators by the conformal factor � is to adjust the
length and area distortion. With the angle preserving property of the conformal
parameterization � , a natural coordinates grid can be introduced on the surfaceby
mapping a regular grid on R2 onto the surface (See Figure 5(A)). However, the grid
sizes are di�erent at di�erent points because of the stretching e�ect of the para-
meterization. The conformal factor � is de�ned as the stretching factor of the in-
ner product on the tangent plane of the surface under� . We can therefore adjust
the length and area distortion by

p
� or � . Speci�cally, the stretching factors of

the length and area under � are
p

� and � respectively. In order to have a more
accurate approximation of the surface di�erential operators, we need to scale the
usual Euclidean di�erential operators by � . For example, the partial derivative D x f
on the surface at the point � (p) is: D x f (� (p)) = lim � x ! 0

� f � �p
� � x

= 1p
�

@f� �
@x (p).
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Here, the grid size � x is scaled by
p

� to adjust the length distortion. Similarly,
� S f (� (p)) = lim � x; � y ! 0

� x (� x f � � )
� � x 2 + � y (� y f � � )

� � y 2 .
Also, the surface area di�erential dS is equal to �dxdy , so as to adjust for the

area distortion.
To demonstrate the importance of including the conformal factor in the formula

of the covariant derivatives, we consider a simple example on the unit sphere. 6(A)
shows a unit sphere (minus a hole near the south pole) with noise introduced near the
south pole. It is conformally parameterized onto the 2D parameter domain, with large
stretching near the south pole. 6(B) shows the graph of the Eulcidean TV norm of the
noise: T Veucl: (g) = jr gj. Observe that it does not re
ect the noise on the surface due
to the stretching e�ect near the south pole. 6(C) shows the manifold version of the TV
norm (with conformal factor included): T Vmanifold (g) = 1

� jr gj. It e�ectively re
ects
the noise on the surface. (D) shows the denoising result which minimize the Eulcidean
TV energy: Eeucl: (g) =

R
T Veucl: (g). The noise cannot be removed. (D) shows the

denoising result which minimizes the manifold TV norm: Emanifold (g) =
R

T Veucl: (g).
The noise is successfully removed. This example illustrates the importance of the
conformal factor for adjusting the length and area distortion introduced through the
conformal parameterization.

6. Image processing on general Riemann surfaces.

6.1. Image denoising on the surface. With the advance of the 3D acquisition
systems, images on the surface can be e�ectively captured and stored as digital data.
Nevertheless, noise is inevitably introduced during the transmission process. There-
fore, it is of interest to look for an e�cient algorithm to den oise the digital image
de�ned on the surface. It has also been widely studied by di�erent research groups
[40][41][42][43]. OnR2, total variation (TV) denoising has been extensively used for
image restoration that well-preserves edges [3]. It is thennatural to extend the 2D
TV denoising model to surfaces. With the conformal parameterization, the TV image
denoising model can be easily extended.

On R2, the TV model reads:

ET V (u) =
Z

D
[jr uj + ( u � f )2]dxdy; (16)

where f : D � R2 ! R is the noisy gray-level image inR2. We will look for a
minimizer u : D ! R of ET V to approximate the original clean image. The Euler-
Lagrange equation of it is:

du
dt

= div(
r u

jr uj
) � 2(u � f ): (17)

The TV model can also be modi�ed to denoise the color image onR2 [4]:

ET V color (~u) =
Z

D
[

vu
u
t

3X

i =1

jr ui j2 + j~u � ~f j2]dxdy (18)

where ~f = ( f 1; f 2; f 3) : D ! R2 is the noisy color image;~u = ( u1; u2; u3) : D ! R2 is
the approximation of the original clean color image. The minimizer of ET V color can
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be found via its Euler-Lagrange equation:

dui

dt
= div(

r uiq P 3
i =1 jr ui j2

) � 2(ui � f i ) for i = 1 ; 2; 3. (19)

These two models can be extended easily to the surfaces. On the surface, the
gray-level TV image denoising model reads:

E S
T V (u) =

Z

S
[jjr SujjS + ju � f j2]dS; (20)

wheref : S ! R is a gray-level image de�ned on the surface. Replacing the Eulcidean
di�erential operators by the modi�ed di�erential operator s in (20), we get the Euler-
Lagrange equation ofE S

T V :

du
dt

= divS (
r Su

jjr SujjS
) � 2(u � f ) or

du � �
dt

=
1
�

div(
p

�
r u
jr uj

) � 2(u � � � f ) on the parameter domain;
(21)

where � is the conformal parameterization ofS.
The color TV image denoising model can also be extended to thesurface:

E S
T V color =

Z

S
[

vu
u
t

3X

i =1

jjr Sui jj2
S + jj~u � ~f jj2

S ]dS (22)

where ~f = ( f 1; f 2; f 3) : S ! R is a color image de�ned on the surface. By replacing
the Euclidean di�erential operator by the manifold di�eren tial operator, we get the
Euler-Lagrange equation ofE S

T V color :

dui

dt
= divS (

r Suiq P 3
i =1 jjr Sui jj2

S

) � 2(ui � f i ) for i = 1 ; 2; 3 or

dui � �
dt

=
1
�

div(
p

�
r ui � �

q P 3
i =1 jr ui � � j2

) � 2� (ui � � � f i � � ) for i = 1 ; 2; 3
(23)

on the parameter domain.
The two energy functions of the denoising models can be minimized by steepest

descent algorithm. Notice that the corresponding Euler-Lagrange equation on the
parameter domain is very similar to the 2D version, except for a scaler multiplication
of the conformal factor. These two denoising models can e�ectively denoise the gray-
level and color image de�ned on the surface, which well-preserves the edges. Figure
7 illustrates the TV color image denoising on a dog surface. The top shows the noisy
color image on the dog surface. The denoised color image is shown at the bottom.
As shown in the �gure, the noise are mostly removed and the reconstructed surface
is signi�cantly improved.

6.2. Denoising/Smoothing of Riemann surface. Riemann surfaces are usu-
ally obtained by laser scanning or other medical image generation methods such as
MRI devices, CT and so on. The surfaces are usually represented as triangular meshes.
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Fig. 7 . Illustration of the TV image denoising on a dog surface. With covariant derivatives,
the 2D TV color image denoising model is extended to the 3D Rie mann surface. (A) shows the
noisy image on the dog surface. (B) shows the denoised image o n the surface. As shown in the
�gure, the noise are mostly removed and the reconstructed su rface is signi�cantly improved.

During the construction process, geometric noise is inevitably introduced. Therefore,
surface denoising/smoothing, which adjusts the vertices positions so that a smoother
surface can be obtained, has become a very important research topic.

Here, we applied the TV denoising technique on the Riemann surface to denoise
the noisy surfaceS. Given a conformal parameterization� : R2 ! S. Let

�!
� (x; y) =

(X (x; y); Y (x; y); Z (x; y)). The functions X , Y and Z can be regarded as functions
de�ned on the surfaceS. If S is a smooth surface,X , Y and Z are also smooth. By
extending the TV denoising technique to the 3D Riemann surface, we can smooth the
surface by minimizing the following energy functionals:

E (
�!
	 ) =

Z

S
jjr S

�!
	 jjSdS + � j

�!
	 �

�!
� j2:

Or equivalently, we are minimizing the following three energy functionals:

E ( eX ) =
Z

S
jjr S eX jjS dS + � ( eX � X )2;

E ( eY ) =
Z

S
jjr S eY jjSdS + � ( eY � Y )2;

E ( eZ ) =
Z

S
jjr S eZ jjSdS + � ( eZ � Z )2:
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Fig. 8 . Illustration of the TV surface denoising on a human face. Wit h covariant derivatives,
the 2D TV image denoising model is extended to 3D Riemann surf aces. (A) shows the original
surface of a human face. In (B), the random gaussian noise is a dded to the face. (C) shows the
denoised/smoothed surface. As shown in (C), the reconstruc ted surface approximates the original
surface very well, except for a little bit smoothing.

The Euler Lagrange equations of them are:

@eX
@t

= r S � (
r S eX

jjr S eX jjS

) + 2 � ( eX � X );

@eY
@t

= r S � (
r S eY

jjr S eY jjS

) + 2 � ( eY � Y );

@eZ
@t

= r S � (
r S eZ

jjr S eZ jjS

) + 2 � ( eZ � Z ):

With the conformal parameterization � , we can solve these partial di�erential
equations on the 2D domain with the following three equations:

@eX � �
@t

=
1
�

r � (
p

�
r eX � �

jjr eX � � + � jj
) + 2 � ( eX � � � X � � );

@eY � �
@t

=
1
�

r � (
p

�
r eY � �

jjr eY � � + � jj
) + 2 � ( eY � � � Y � � );

@eZ � �
@t

=
1
�

r � (
p

�
r eZ � �

jjr eZ � � + � jj
) + 2 � ( eZ � � � Z � � )

where � is the conformal factor of � . � is a small regularization constant to handle
with the case whenjjr X � � jj = 0, jjr Y � � jj = 0 or jjr Z � � jj = 0. In practice, we
usually take � = 0 :01. We note that the Euler Lagrange equations are very similar
to well-known 2D TV denoising equation, except for the scalar multiplication of the
conformal factor � . Therefore, we can solve the problem by simple modi�cation of
the existing 2D TV denoising solver.
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Figure 8 illustrates the idea of surface denoising/smoothing on a human face with
our method. Figure 8(A) shows the original human face surface. In Figure 8(B), the
random gaussian noise is added to the surface of the human face. In Figure 8(C), we
applied the method we described to denoise the surface. The parameter chosen are:
� = 5, � = 0 :01 and the number of iterations is 50. Note that the denoised surface
approximates the original surface well, except for a littlebit smoothing.

The intuitive meaning of including the conformal factor � into the TV model is
that it �xes the distortion caused by the stretching. Basica lly, the TV model denoises
the data by smoothing out the high frequency (rapid jump) region. Due the the
stretching of the conformal parameterization, the low frequency regions might become
the high frequency region in the parameter domain, whereas the high frequency regions
become the low frequency region in the parameter domain. As aresult, the low
frequency regions will be smoothed out and a wrong denoisingresult will be obtained.

6.3. Texture extraction on the surface. The extraction of features on sur-
faces has been studied widely [44] and has found various applications in di�erent
areas of research. For example, texture extraction is an important process in texture
synthesis to transfer textures from one surface to another.In human brain mapping,
the feature extraction technique is used to detect important anatomical features on
the brain surface to study brain diseases. In this section, we will describe an e�ective
variational method for feature extraction, using the Chan-Vese segmentation model
on the surface.

The algorithm consists of two steps. Firstly, we compute thefeature intensity on
the surface, which encodes the feature information. The feature intensity I f : S ! R
is a function on S de�ned as:

I f (� (p)) = j� (p) � � smooth (p)j2; (24)

where � smooth : R2 ! S represents the smoothed surface ofS, using the TV surface
smoothing algorithm introduced in VI(B). Speci�cally, � smooth is obtained iteratively
using the gradient descent algorithm to minimize the energyfunctional in the TV sur-
face smoothing model (See equation ). The feature intensityI f e�ectively represents
the feature information on the surface.

After computing the feature intensity I f , the second step is to extract the feature
with the Chan-Vese segmentation model on the surface, usingI f as the intensity. We
proceed to look for  : S ! R that minimizes the following energy functional:

F (c1; c2;  ) =
Z

S
(I f � c1)2H ( )dS +

Z

S
(I f � c2)2(1 � H ( ))dS + �

Z

S
jr SH ( )jdS:

(25)

The Euler Lagrange equation is:

@ 
@t

= �� ( )[ �div S (
r S  

jjr S  jjS
) � (I f � c1)2 � (I f � c2)2] or

@ � �
@t

= �� ( � � )[�
1
�

div(
p

�
r  � �

jr  � � j
) � (I f � � � c1)2 � (I f � � � c2)2];

(26)

on the parameter domain, where:

c1 =

R
D I f � � (x; y)H ( � � (x; y)) � (x; y)dxdy

R
D H ( � � (x; y)) � (x; y)dxdy

c1 =

R
D I f � � (x; y)(1 � H ( � � (x; y))) � (x; y)dxdy

R
D (1 � H ( � � (x; y))) � (x; y)dxdy

:

(27)
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Fig. 9 . Illustration of the extraction of texture on the surface. Wi th covariant derivatives,
the 2D Chan Vese (CV) segmentation model is extended to 3D Rie mann surfaces. The left shows
the a bird surface with some texture (chinese character) on i t. On the right, we applied the CV
segmentation model to extract the texture. The intensity is de�ned as the distance between the
original surface and the smoothed out surface. As shown in th e �gure, the initial contour (green)
evolves to the �nal contour (blue) that encloses the texture in few iterations.

The zero level set of the minimizer  : S ! R encloses the boundary of the
feature on the surface e�ectively. To illustrate the idea, we apply the algorithm to
extract the Chinese character on the cylinder. Figure 9(left) shows the a surface with
some texture (chinese character) on it. In Figure 9(right), we applied our proposed
algorithm to extract the feature. The intensity is de�ned as the distance between
the original surface and the smoothed out surface. As shown in the �gure, the initial
contour (green) evolves to the �nal contour (blue) that encloses the texture in few
iterations.

6.4. Automatic landmark tracking on brain cortical surface s. One im-
portant problem in human brain mapping research is to locatethe important anatom-
ical features. Anatomical features on the cortical surfaceare usually represented by
landmark curves, called sulci/gyri curves. These landmarkcurves are important infor-
mation for neuroscientists to study brain disease and to match di�erent cortical sur-
faces. Manual labelling of these landmark curves is time-consuming, especially when
large sets of data have to be analyzed. Therefore, an automatic or semi-automatic
way to detect these feature curves is necessary. We can automatically detect the sulcal
landmarks by solving variational problems on the brain surface [45].

6.4.1. Extraction of sulcal region by Chan-Vese segmentati on. In order
to speed up the landmark tracking algorithm, we begin with extracting the sulcal
regions on the brain surface. This is done by extracting the high mean curvature
regions on the cortical surface using the Chan-Vese (CV) segmentation method as
described in section VI(C). The variational model is the same as Equation 25, except
that the intensity here is chosen to be the mean curvature de�ned on the surface.
After the sulcal region is extracted, we pick an arbitrary curve lying within the sulcal
region as an initial guess of the sulcal landmark.

Figure 10 shows how we can e�ectively locate the initial landmark guess areas on
the cortical surface using the Chan-Vese segmentation. We consider the intensity term
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Fig. 10 . Sulcal region extraction on the cortical surface by Chan-Ve se segmentation. We
consider the intensity term as being de�ned by the mean curva ture. Sulcal locations can then be
circumscribed by �rst extracting out the high curvature reg ions. (A) shows the result of extraction
using a circular initial contour. (B) shows the result of ext ration using a larger initial circular
contour. More sulcal regions can be extracted

as being de�ned by the mean curvature. Sulcal locations can then be circumscribed
by �rst extracting out the high curvature regions. (A) shows the result of extraction
using a circular initial contour. Notice that the contour ev olved to the deep sulcal
region. (B) shows the result of extration using a larger initial circular contour. More
sulcal regions can be extracted.

6.4.2. Variational method for landmark tracking. After the sulcal region is
extracted, we can get an initial guess of the sulcal landmarkby choosing an arbitrary
curve joining the two feature points (umbilic points). This initial guess may not be
the most accurate approximation of the sulcus and may not lieon the deepest region.
We can iteratively improve the curve such that it moves to the deepest valley of the
sulcal region. This is done by a variational approach to get aminimizing curve that
follows the principal curvature as much as possible. We havefound that the principal
directions can e�ectively be used to trace the sulci and gyri.

The principal direction �eld
�!
V (t) with smaller eigenvalues on the cortical surface

C can be computed as described in Section. With
�!
V (t), we propose a variational

method to trace the sulcal landmark curve iteratively, after �xing two anchor points
(a & b) on the sulci. Let � : D ! C be the conformal parametrization of C, < �; � >
to be its Riemannian metric and � to be its conformal factor. We propose to locate
a curve �! c : [0; 1] ! C with endpoints a and b, that minimizes the following energy
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functional:

Eprincipal (�! c ) =
Z 1

0
j

�! c 0

p
< �! c 0; �! c 0 > M

�
�!
V � �! c j2M dt =

Z 1

0
j

�! 
 0

j�! 
 0j
�

�!
G(�! 
 )j2dt

where �! 
 = �! c � � � 1 : [0; 1] ! D is the corresponding iteratively de�ned curve on
the parameter domain;

�!
G(�! 
 ) =

p
� (�! 
 )

�!
V (�! 
 ); j � j 2

M = < �; � > M and j � j is the
(usual) length de�ned on D. By minimizing the energy E, we minimize the di�erence
between the tangent vector �eld along the curve and the principal direction �eld

�!
V .

The resulting minimizing curve is the curve that is closest to the curve traced along
the principal direction (See Figure 11). Let:

�!
G = ( G1; G2; G3);

�!
K = ( K 1; K 2; K 3) =

�! 
 0

j�! 
 0j
�

�!
G(�! 
 )

�!
L 1 =

(1; 0; 0)
j�! 
 0j

�

 0

1
�! 


j�! 
 0j3
;
�!
L 2 =

(0; 1; 0)
j�! 
 0j

�

 0

2
�! 


j�! 
 0j3
;
�!
L 3 =

(0; 0; 1)
j�! 
 0j

�

 0

3
�! 


j�! 
 0j3
:

Based on the Euler-Lagrange equation, we can locate the landmark curve itera-
tively using the steepest descent algorithm:

d�! 

dt

= � 3
i =1 [K i

�!
L i ]0+ K i r Gi : (28)

Our variational method to locate landmark curves is illustrated in Figure 11. With
the initial guess given by the Chan-Vese model (we choose thetwo extreme points
in the located area as the anchor points), we trace the landmark curves iteratively
based on the principal direction �eld. In Figure 11 (left), w e trace the landmark
curves on the parameter domain along the edges whose directions are closest to the
principal direction �eld. The corresponding landmark curv es on the cortical surface
is shown. Figure 11 (left) shows how the curve evolves to a deeper sulcal region with
our iterative scheme. In Figure 11 (right), ten sulcal landmarks are located using our
algorithm.

6.5. Inpainting surface holes. 3D surface model are usually obtained from
range scanners. Very often, surfaces obtained from range scanner have holes and so
resulting in incomplete surface meshes. This may be due to low re
ectance, occlusion,
scanner placement, inadequate coverage of the object and soon. Recently, reseachers
have been interested in inpainting surface holes to reconstruct the incomplete surface
and it has become an important research topic [14][46]. In this section, we present an
algorithm to solve this problem which involves solving PDEson the surface.

Inpainting can be regarded as a process of interpolating data on the occluded
region from the known data on its neighborhood. Our algorithm is an extension of
2D image inpainting. To inpaint an occlude 2D digital image, we can �ll in the missing
region by solving the Perona-Malik di�usion model that reads:

�
@u
@t = div(g(jr uj)r u) on D ;
u0 = v on D c;

where D is the occluded region;v : D c ! R is the original image with occlusion;u is
the approximated (inpainted) image; g : R ! R is an increasing function such that
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Fig. 11 . Automatic landmark tracking using a variational approach. Top : With the global
conformal parameterization of the entire cortical surface , we trace the landmark curves on the pa-
rameter domain along the edges whose directions are closest to the principal direction �eld. It gives
a good initial guess of the landmark curve (blue curve). The l andmark curve is then evolved to a
deeper region (green curve) using our variational approach . Bottom : Ten sulcal landmarks are
automatically traced using our algorithm.
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Fig. 12 . \I am not ugly! Please remove the bad words on my body." Illust ration of image
inpainting on the dog surface. We extend the 2D image inpaint ing model to 3D surface to remove
unwanted words on the dog surface. (A) shows a dog surface wit h some unwanted words on it. We
applied the image inpainting model to inpaint the image. (B) shows the inpainted result. As shown
in the �gure, the words are successfully removed.

g(0) = 0 and g(1 ) = 1 . Note that if we replace g by 1
r u , we get the familiar TV

smoothing model. The TV smoothing model is well-known to be preserving edges.
The major drawback of it is that it does not restore well a single object when its
disconnected remaining parts are separated far apart by theinpainting domain. In
order to solve this problem, we add the function g into the di�usion model which
enhances the di�usion across the boundary of the inpaintingdomain. Sometimes, it
may be more bene�cial to let g depend on the curvature � = div( r u

jr u j ) and so the
model depends on the geometry of the image. Here in our application to inpaint
surface holes, we have found that lettingg depend on the isophotejr uj is already
good enough to get a reasonably good result.

The 2D inpainting model can be easily extended to surfaces byusing our algo-
rithm. Figure 12 shows the image inpainiting result on the dog surface. To inpaint
surface holes, we apply the image inpainting model on the surface S. Again, we can
regard X : S ! R, Y : S ! R and Z : S ! R as three smooth functions de�ned on
S. Given the conformal parameterization � : R2 ! S of S, we can have the following
surface holes inpainting model:

8
>>>>>><

>>>>>>:

@Xt

@t = divS (g(jjr X jjS )r SX ) on DS ;
@Yt

@t = divS (g(jjr Y jjS )r SY ) on DS ;
@Zt

@t = divS (g(jjr Z jjS )r SZ ) on DS ;
X 0 = X v on D c

S ;
Y 0 = Yv on D c

S ;
Z 0 = Zv on D c

S ;
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Fig. 13 . Illustration of the algorithm for inpainting surface holes . We extend the 2D image
inpainting model to 3D surface to �ll in surface holes. (A) sh ows a human face with several holes
on it. We applied the surface holes inpainting model to inpai nt the occlusion region on the surface.
(B) shows the inpainted result. As shown in the �gure, the occ lusion can be �lled reasonably well,
which results in a smooth surface.

whereDS is the occluded region on the surface;X v ; Yv ; Zv are the X; Y; Z coordinates
of the original surface mesh with occlusion. We can solve this system of partial
di�erential equations iteratively on the parameter domain :

8
>>>>>>><

>>>>>>>:

@Xt � �
@t = 1

� div(g(
p

� jr X � � j)r X � � ) on � � 1(DS );
@Yt � �

@t = 1
� div(g(

p
� jr Y � � j)r Y � � ) on � � 1(DS );

@Zt � �
@t = 1

� div(g(
p

� jr Z � � j)r Z � � ) on � � 1(DS );
X 0 � � = X v � � on � � 1(D c

S );
Y 0 � � = Yv � � on � � 1(D c

S );
Z 0 � � = Zv � � on � � 1(D c

S );

To illustrate the idea, we test our algorithm to �ll in the hol es on a human face.
Figure 13(A) shows a human face with several holes on it. We applied the surface holes
inpainting model to inpaint the occlusion region on the surface. Figure 13(B) shows
the inpainted result. As shown in the �gure, the occlusion can be �lled reasonably
well, which results in a smooth surface.

7. Conclusion. In conclusion, we describe a method in this paper to solve vari-
ational problems on general surfaces with arbitrary topologies using the global con-
formal parameterization. With the conformal parameterization of the surface, the
problems can be greatly simpli�ed and are transformed into 2D problems on the pa-
rameter domain. The conformal parameterization has a simple metric (gij ) = � Id .
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Under the conformal parameterization, the surface di�erential operators can be com-
puted easily on the 2D parameter domain with simple formulae. The formulae are
very similar to the formulae for the 2D Euclidean di�erentia l operators, except for
the scalar multiplication of the conformal factor � . Therefore, using the conformal
parameterization to transform the variational problems on general surfaces to the 2D
problems on the parameter domain has much easier equations than using other arbi-
trary parameterizations. The problem can then be solved easily by other well-known
numerical schemes.

We have tested our algorithm on solving di�erent image processing and surface
processing problems on di�erent surfaces, which require solving di�erent variational
problems. The experimental results show that our proposed algorithm can e�ectively
solve the variational problems on the surface. Numerical analysis on the proposed
algorithm has also been done to determine how the accuracy ofthe algorithm is
a�ected by the accuracy in the approximation of the conformal parameterization. In
the future, we will look for more applications of solving variational problems and
partial di�erential equations on the surface. In particula r, we will look for more
applications in medical imaging research area, such as feature detection in human
brain mapping research, to study di�erent diseases. Also, based on the numerical
analysis we have already done, we will try to develop other better numerical schemes,
such as the adpative method, to improve the computational speed and accuracy.
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