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Abstract We describe texture generationmethods for
complex objects. Recent 3D scanningdevicesand high-
resolution cameras can capture complex geometry of
an object and provide high-resolution images.However,
generatinga textured model from this input data is still
a di�cult problem.

This task is divided into three sub-problems:parame-
terization, texture combination, and texture restoration.
A low distortion parameterization method is presented,
which minimizes geometry stretch energy. Photographs
of the object taken from multiple viewpoints under mod-
estly uncontrolled illumination conditions are merged
into a seamlesstexture by our new texture combination
method.

We also demonstrate a texture restoration method
which can �ll in missing pixel information when the in-
put photographsdo not provide su�cien t information to
cover the entire surfacedue to self-occlusion or registra-
tion errors.

Our methods are fully automatic except the registra-
tion between a 3D model with input photographs. We
demonstrate the application of our method to human
face models for evaluation. The techniques presented in
this paper make a consistent and complete pipeline to
generatea texture of a complex object.

Key words multiresolution texture synthesis, mesh
parameterization, image inpainting, image restoration,
facial modeling, frequencydecomposition

1 In tro duction

Texture mapping is oneof the oldest techniquesin com-
puter graphics [9] | yet it is one of the most powerful
techniques today. In its original form, texture mapping
is usedto convey realism of objects, which are modeled
in a comparatively lesscomplex and hencelessrealistic

way. Extensive research has led to many improvements
and related techniquessuch as, for instance, bump map-
ping [8] or environment mapping [29], which are com-
monly used to enhancethe visual quality of rendering
in many real-time applications. One of the main reasons
for the successof texture mapping and related techniques
is probably due to the hardware support of these tech-
niqueson high-end graphics machines in the early years
and on low-cost commodit y graphics boards today.

Oneeasyway to generaterealistic objects is scanning
real objects. For example,we can capture the 3D geom-
etry of an object using a 3D range scanner.In order to
obtain textures we can alsotake photographswith a dig-
ital camera. 3D geometry together with a high-quality
texture may, for example, be used to represent real ob-
jects in the context of virtual museums.Even in object
design where no real counterpart of the object exists,
one may start with an acquired object as a template.

Several problems have to be solved to apply this ap-
proach successfully. For example, we need robust tech-
niques for e�cien t 3D object acquisition, mesh de-
noising, and registration between 3D geometry and 2D
photographs. Furthermore, in this paper, we will focus
on texture generation.This problem is subdivided three
sub-problems.

1. Parameterization: For e�cien t storing and pro-
cessingof the texture we need to compute a 2D pa-
rameterization of a 3D mesh.

2. Texture combination from photographs: The
layout of the 2D parameterization needsto be opti-
mized to reduce occupied texture memory. The in-
formation of several input views has to be merged.

3. Texture restoration: The derived texture often
doesnot cover the entire surface.Weneedsomeinter-
polation or �ll-in techniques for synthesizing a tex-
ture.

The exampleapplication of this paper is to generatea
textured human facefrom a 3D scannedheadmodel and
several photographs. Becausewe are very well trained
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to recognizereal human faces,it is very challenging to
produce a head model in su�cien t quality.

The main contributions presented in this paper are:

{ For parameterization, we present
1. an alleviation method for the discontinuit y e�ect

in geometric stretch parameterization, and
2. a view dependent parameterization method for

e�ectiv e useof texture memory.
{ In texture combination from several photographs,

we present a visibilit y-aware multi-resolution spline
technique to remove boundary e�ects due to uncon-
trolled illumination.

{ For texture restoration, we proposea technique that
combines image inpainting and texture synthesis
with non-parametric sampling methods through fre-
quency analysis of input images.

{ If a 3D model and its corresponding 2D photographs
are registered,all of the techniques proposedin this
paper are fully automatic.

This paper is organized as follows. First, we sur-
vey related work in Section 2. Then, we will detail each
subproblem: parameterization (Section 3), texture com-
bination from several photographs (Section 4), texture
restoration (Section 5). We show some results in Sec-
tion 6. Section 7 concludesthe discussion.

2 Related W ork

A commonapproach to display a texture mapped model
with current graphicshardware needsa polygonal mesh,
its parameterization, and a texture image. When only a
polygonal mesh and several photographs are given, we
are facing two problems: parameterization and texture
imagegeneration.The texture imagegenerationproblem
is alsosubdivided into two sub-problems.One is texture
combination. Texture combination is to make a single
texture from several input photographs. The other one
is texture restoration which is neededwhen the input
photographsdo not provide enoughinformation for cov-
ering the entire surfaceof the input model.

First we will overview related parameterization
methods. Then, we will review texture combination and
texture restoration methods.

2.1 Parameterization

Parameterization is often represented as the mapping
from 3D vertex coordinates on a meshto 2D uv texture
coordinates in a texture image. In this paper, we focus
on parameterization of triangle meshesin 3D space.

In the good and old days, due to hardware limita-
tions, texture mapping was applied to relatively simple
polygonal meshesonly. In this case,manually creating a
parameterization was acceptable.

However, recent graphicshardware candisplay larger
and more complex polygonal mesheswith higher resolu-
tion texture imagesthan before.It hasbecomean essen-
tial problem to generatea high quality parameterization
automatically.

There are several aspects of parameterization.

{ Texture A tlas: To avoid high distortion, somepa-
rameterization methods cut the input mesh into
charts and parameterize each chart individually . A
texture atlas combines all thesecharts.

{ Energy Function: The basic idea to solve the pa-
rameterization problem is to minimize energy func-
tion based on some distortion metric between 3D
space and 2D space. This means the energy func-
tion should have large energy when the mapping in-
tro duces high distortion. According to the applied
energy function, methods are classi�ed as linear or
non-linear.

{ Boundaries: For e�ectiv euseof hardware resources,
a texture should �t to texture memory and should
have square shape. On the other hand, this restric-
tion may be too strong for low-distortion parameter-
ization. Boundary conditions on the texture image
model the importance of each restriction.

2.1.1 Texture Atlas The traditional approaches of pa-
rameterization are to cut a mesh into charts, and pack
them to a texture atlas [6,12,38,42,45,47,60,62,70,71].
Oncea meshis cut into charts, we can parameterizeeach
chart by our favorite parameterization method.

Intro ducing a texture atlas, it becomesrelatively easy
to keep low distortion inside of the charts. There are
however three main drawbacks of the texture atlas ap-
proach: (1) it intro ducesdiscontinuities betweencharts.
(2) it intro ducesa meshcutting problem when creating
the chars, (3) it intro ducesartifacts while MIP-mapping.

Quite somee�ort hasbeentaken to solve theseprob-
lems, for example, the discontinuit y problem [30,41,42,
44], or the meshcutting problem [42,45,66]. However, it
seemswe still do not have a comprehensive method and
some of these problems remain open. The third prob-
lem is substantially hard to solve becauseMIP-mapping
usually assumescontinuit y in the uv domain.

Let us �rst focus on objects which are topologically
equivalent to a disc. Thoseobjects can be parameterized
by a singlechart avoiding the disadvantagesof a texture
atlas.

2.1.2 Energy Function Bennis et al. pioneeredthe use
of energyfunctions in parameterization. They proposea
technique to map an isoparametric curve of a 3D surface
onto curves of a plane considering two distortion met-
rics [6]. Their energy function is basedon the geodesic
curvature preservation and arc length preservation. Dur-
ing the calculation, the meshwill be cut if the intermedi-
ate distortion energy is larger than a certain threshold.
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The method unfortunately requiresC2 continuit y of the
surfacebecauseof the geodesiccurvature preservation.

Maillot et al. de�ne distance energy and surfaceen-
ergy for the parameterization [47]. The distance energy
tries to minimize distortion while on the other hand it
may intro duce triangle 
ipping. To avoid this, the non-
linear surface energy term is intro duced. This surface
energy term tries to avoid triangle 
ipping, but cannot
guarantee that no triangles are 
ipp ed. The total en-
ergy is a weighted combination of both energies.Remain-
ing triangle 
ipping can be removed using an interactive
tool. Compared to the previous method, C2 continuit y
is no longer required.

Quadratic Energy/Solving Linear Systems: Eck et al.
proposethe discretized harmonic map energy [20]. The
harmonic map assignsnon-uniform spring constants to
the mesh edgeswhich resemble a kind of Dirichlet en-
ergy. Sincethis energyis quadratic the minimum energy
is found at the zero crossingof the derivative. Thus we
can use any linear system solver to compute a param-
eterization of the input mesh. Solving linear systemsis
usually fast and more stable compared to solving non-
linear systems. However, triangle 
ipping might occur
for this method as well.

Floater proposesa similar method [24]. The advan-
tage of this method is it can guarantee that no trian-
gle is 
ipp ed when the parameterized mesh has a con-
vex boundary. The energy function tries to keep trian-
gle shape with approximating geodesic polar angle at
each one-ring neighbor. This method is linear and sta-
ble. Later, Floater improvessmoothnessof the function
basedon meanvalue theoremfor harmonic function [25].

The conformal surfaceparameterization hasbeenin-
tro duced by Haker et al. [31]. We can �nd interesting
similarit y with in remeshingcontext by Duchamp et al.
[19],and in fairing context by Desbrunet al. [17].Confor-
mal mapping �nds the parameterization as the solution
of a secondorder partial di�eren tial equation (PDE) de-
�ned on the input mesh, which keepsthe conformality
of the one-ring around each vertex.

Desbrun et al. presented the method of intrinsic
parameterization [16] where the energy U is a linear
combination of the conformal energy U conformal and
the authalic (area preservation) energy U authalic : U =
� U conformal + (1 � � )U authalic . This paper also shows
somecriteria on how to calculate the optimal � and how
to obtain the natural boundary. Almost the sametime,
Le�vy et al. [45] presented least squaresconformal maps.
The parameterization is the sameas the discrete natu-
ral conformal parameterization in [16]1. This paper also
dealswith automatic texture atlas generation.

The basic structure of the above methods [16,20,24,
25,31,45] are the sameand main di�erences are the def-
inition of the distortion energy. One considers confor-

1 http://www-grail.usc.edu/pubs/CD02.pdf

malit y, the other considersshape preservation, and so
on. Thesemethods solve a sparselinear systemwith dif-
ferent coe�cien ts of the meshconnectivity matrix. One
common feature of these methods is fast computation.
However, we experienced lower quality of these linear
methods comparedto the non-linear methods, which we
will addressnext. In caseswhere the geometry of the
surfaceis more or lesssimilar to the parameter domain,
the results of linear and non-linear methods are similar.

Non-linear Energy: Hormann and Greiner proposethe
MIPS parameterization [37]. They attempt to preserve
the isometry of triangles over the parameterization by
�xing the condition number of the transformation ma-
trix.

Instead of using the condition number of the trans-
formation matrix, Sander et al. intro duce the root-
mean-squareof the singular values of the matrix called
geometric-stretch metric for parameterization [62]. Intu-
itiv ely, this measureshow a unit circle on the domain is
stretched when it is mapped onto the surface.Later they
intro ducesignal-stretch energyto improve the quality of
the parameterization with respect to given texture [63],
color or normals.

Balmelli et al. propose space-optimized texture
maps [4]. They usethe frequency information of the in-
put image as a signal. The di�erence to the previous
approach [63] is that they apply a warping function on
the texture image instead of using distortion energy on
the mesh.To make e�cien t useof texture memory, the
high frequencyareasof the imageare stretched, whereas
low frequency regionsare shrunk.

All thesemethods [4,37,62,63] generatehigh-quality
parameterizations for texture maps, however, they are
basedon time consumingnon-linear optimization.

In order to speedup the calculation, [63]usesa multi-
resolution approach. First, they calculate the energy on
a coarsemesh.Then, they sequentially add verticessimi-
lar to progressive meshes[36]and againminimize the en-
ergy. This processis repeateduntil all verticesareadded.
While the computation time is drastically improved it
still takes around ten times more time than the linear
optimization methods.

There are also parameterization methods based on
the idea 
attening . She�er and de Sturler [65] propose
a parameterization method that minimizes an angledis-
tribution error around each vertex. The error criterion is
linear, but they intro duce several non-linear constraints
to avoiding unwanted situations, e.g., boundary inter-
sections. Later, Zayer et al. [81] improved the compu-
tational cost and intro duced boundary shape control-
ling factor. Sorkine et al. [70] proposeanother 
attening
method based on a modi�ed geometric-stretch energy.
Their method can guarantee the maximum error, be-
causewhen the error is too large, the mesh is cut to
achieve low distortion. One advantage of those
attening
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methods is there is no limitation of prede�ned boundary
condition, e.g., �xed boundary, convex boundary.

Other Interesting Methods: Igarashi proposesan inter-
active user guided parameterization method [38]. The
user selects a painting area and a view direction and
the local parameterization is found by projecting the se-
lected area into the view plane. In Sander'spaper [63],
this method is mentioned as a signal based method,
which signal or importance are de�ned by the user.
When the amount of painted area is relatively small,
this method works well sinceonly the user speci�ed im-
portant parts are parameterizedby the projection.

Piponi and Borshukov proposea cutting and blend-
ing technique for textures on subdivision surfacecalled
pelting [57]. Since the cutting is guided by the user it
is relatively easy to generate intuitiv ely parameterized
meshesfor painting. The energyfunction is basically the
sameasin [47]. In order to reducethe artifacts acrossthe
cuts, texture seamsare blended using a linear function.

2.1.3 Classi�cation We can classify the di�eren t pa-
rameterization techniques according to their de�nition
of the energyfunction. For example,the systemis linear
or not, whether the energy is globally de�ned. Further
aspects are the topological limitation which the method
imposes, if the parameter domain consists of a single
chart only, or if multiple charts are grouped into a tex-
ture atlas, and so on.

Table 1 shows one example of such kind of classi-
�cation. In this table, the column Atlas is Y(es) means
that this method needsto cut the input meshduring the
parameterization process.Therefore when this is N(o),
input meshand output meshalways havethe sametopol-
ogy. This di�erence is slightly ambiguous, becausesome
methods make an atlas in the preprocessingstage. For
example, the methods [45,62] �rst decomposethe input
meshto submeshes,then each submeshis parameterized.
However, the topology of each submeshdoesnot change.
Although thesemethods generatean atlas, it is not nec-
essaryto classify them as atlas generating method since
the atlas generation is at the preprocessingstage.

Most of the methods needa boundary condition, e.g.,
�xed boundary of the input mesh. For example, some
approaches treat the parameterization problem as the
Dirichlet problem. Fixing the meshboundary may intro-
ducehigh distortion areaaround the meshboundary. To
break this limitation, somemethods alleviate this condi-
tion. Such methods are marked as NB (Natural Bound-
ary) is Y in the table.

Surface parameterization is a fundamentally prob-
lem, and attracts a lot of research interests. If the reader
is interested in more theoretical details in this area, we
refer to the recent survey by Floater and Hormann [26].

Table 1 Classi�cation of parameterizations. Column \A t-
las" shows generating an atlas is necessary or not. \NB"
stands for Natural Boundary. If this is Y(es), it is possible to
minimize energy with optimizing the boundary shape.

Linear System
Energy Function Atlas NB

harmonic map [20] N N
shape preserving [24] N N
chord length [57] N N
conformal [31] N N?
feature match, gradient constraint, regular-
ization [44]

N2 Y

conformal + area [16] N Y
improved shape preserving [25] N N

Non Linear System
Energy Function Atlas NB

geodesic curvature, arc length [6] Y N
distance, surface(
ipping) [47] Y N
isometry (MIPS) [37] N Y
geometric stretch [62] N2 N
geometric stretch, signal stretch [63] N Y

attening, angle distortion [65,81] N Y

attening, geometric stretch3 [70] N Y

Others
Energy Function Atlas NB

boundary smoothness 4 [42] Y {
simple projection [38] Y {

2.2 Texture Generation

Once a 2D parameterization is constructed, we have to
create the corresponding texture image.

Soucy et al. propose a texture generation method
for a complex triangle mesh of arbitrary topology [71].
First, 3D triangles of the meshare sorted according to a
certain criterion like area, largest edgelength, and soon.
Each triangle is independently inserted onto the texture
map. They are packed as half-square triangle into the
2D texture. The texture atlas generatedby this method
contains one separatechart for each triangle.

Rocchini et al. proposean approach for mapping and
blending the texture on the 3D geometry [60]. For a 3D
scannedobject, they start with a setof uncalibrated pho-
tographs that are registered interactively and stitched
onto the 3D mesh.The relevant image regionsare inte-
grated into a single texture atlas map. The assignment
of regions from the input images to the corresponding
parts of the texture dependson the visibilit y according
to the registration. Slight mis-registration is accounted
for by automatic local feature alignment.

2 These papers generate an atlas in preprocessingstage.
3 The geometric-stretch energy [62] is de�ned as root-

mean-squareof the singular values of mapping matrix. How-
ever, this method [70] usesthe max function of them.

4 This method is for making an atlas, it does not care the
parameterization method for parameterizing each charts.



Textures Revisited (REVISED paper number 357) 5

Later, they proposepreservingattributes detail on a
simpli�ed meshes[12] where the attributes range from
color textures, to bump, displacement, or shape maps.
The heuristic texture atlas packing method called irreg-
ular triangle packing is more sophisticated than former
methods [60,71].

During the combination of several images,visual arti-
facts may occur at the boundariesbetweenoriginal im-
age regions. These artifacts are due to several reasons
including di�erence in lighting condition, view depen-
dent shading, or registration errors. To delete such un-
intended artifacts, the images are blended or blurred,
e.g., by applying a Gaussian�lter or continuous blend-
ing functions [57]. Pighin et al. proposea more sophis-
ticated blending weight function, which considersself-
occlusion, smoothness, positional certainty, and view
similarit y [56]. This method changesthe blending weight
according to the view direction. While the artifacts can
be eliminated by thesemethods they also destroy image
detail in the boundary area. In order to keep more de-
tails Burt and Adelson [11] propose a multi-resolution
spline technique. Multi-resolution analysis decomposes
the imagesinto high and low-frequenciesand imagesare
blended at each level separately. This e�ectiv ely elimi-
nates the artifacts and still keepshigh-frequencydetails
of the images.

2.3 Image Restoration

In this paper, the term \image restoration" means�lling
in damagedor missingpixels. Imagerestoration plays an
important role for texture generation. Typically some
surface regions exist for which no information can be
gathered from the input imagesdue to occlusion, regis-
tration errors, or other reasons.

There are two main image restoration methods:

1. di�usion basedimage restoration,
2. texture synthesis basedimage restoration.

2.3.1 Di�usion-b ased Image Restoration In the image
processing area, di�usion processesare useful for a
large rangeof applications. Peronaand Malik [55] intro-
ducethe anisotropic di�usion. Di�usion is formulated as
@ut = div(G(u)r u), where G(u) = g(jr uj2). The func-
tion g represents an arbitrary edgedetection operator.
Becausean edgeregion usually has a high gradient, the
di�usion processwill changeits magnitude according to
the absolute value of its gradient. Later, Saint-Marc et
al. present adaptive smoothing [61]. This method adap-
tiv ely changesthe term G(u) of the anisotropic di�usion.
The term G(u) doesnot only rely on the signal itself, but
also the �rst derivative. Anisotropic di�usion has suc-
cessfully been applied to problems such as de-noising,
image segmentation, image enhancement, and so forth.

Bertalmio et al. intro duce anisotropic di�usion as
an automatic digital inpainting method [7]. Their

anisotropic di�usion process �lls the interior of user-
de�ned image regionskeepingisophoto lines.

Oliveira et al. proposea simpler and faster inpainting
method [53]. They assumethat the usual defect of an
image is rather small and anisotropic di�usion needsto
be applied only in exceptional cases.The user manually
indicates such exceptional cases,and the defect part is
repaired by isotropic di�usion otherwise.

Ballester et al. represent image interpolation scheme
by solving the variational problem [3]. The di�usion pro-
cessis represented by secondorder partial di�eren tial
equations. It consists of a gray-level intensity di�usion
term and a keepinggradient orientation term.

P�erez et al. propose a Poisson image editing
method [54]. Using this method, images are edited
by solving Poisson equations with respect to a user-
prescribed guidance vector �eld under given boundary
conditions. This is a versatile editing method. Someof
the applications of this method, in particular seamless
image insertion and feature exchange,are useful for im-
agerestoration.

2.3.2 Texture Synthesis-Based Image Restoration Re-
cently , texture synthesis has drawn a lot of research in-
terest. Based on a given sample, a large, new texture
with a similar (but not identical) pattern is created au-
tomatically . Textures synthesis can also be used to �ll
in holes in image restoration. In this context, the word
\texture" is de�ned as an image which has somespatial
coherence.

Procedure-based texture synthesis: Texture synthesis
has started with procedural texture generation, like a
checker board. Basic procedure-basedtexture synthesis
method describe the texture by a mathematical func-
tion. The major advantage of this method is that it is
resolution independent. The texture can be generatedat
any resolution. However, you need to design a function
and parametersfor each texture. Other procedural-based
texture synthesismethods use,for example,fractals [27],
reaction-di�usion [75], and cellular particles [23]. There
are also someexplicit methods for certain textures, e.g.,
[49].

Statistical texture analysis and synthesis: Gaber pro-
posesmany basic methods for texture synthesis meth-
ods [28]. His paper includes several models: the N-
gram model, autoregressive model, autoregressive linear
model, algebraic reconstruction model, �eld de�nition
model (segment a sourceimage and transfer texture in-
formation with its mask), and best-�t model. Nowadays,
his best-�t model is rediscovered and is called texture
synthesis method [22].

Popat et al. present a cluster-based probabilis-
tic modeling technique for high-dimensional vector
sources[58]. A vector is constructed by concatenating
a pixel and its neighborhood pixels of the input texture.
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These vectors are analyzed to estimate the probabilit y
density function (PDF) of the pixel occurrence in the
texture. The estimated PDF is used for synthesizing a
texture. They alsoproposehierarchical texture synthesis
method using multi-resolution analysis.

Heegerand Bergenproposea pyramid-basedtexture
analysis/synthesis method [33]. The input texture is an-
alyzed using a multi-resolution method, and a steerable
pyramid is created. The output texture is initialized
with random noise, then the histogram distribution is
matched to the input texture at each pyramid level. By
construction, the output imagehasthe similar histogram
distribution through all the levels of the pyramid. Since
this method only considersthe histogram distribution of
the input and the output, the input image should be a
homogeneoustexture. It cannot handle periodic or non-
homogeneouspatterns. Later, Bonet intro ducedjoint oc-
currenceof pixels acrossmultiple resolutions to Heeger's
method [14]. Becausethis method considersthe hierar-
chical structure between pyramid levels, it can recon-
struct larger structures than Heeger'smethod.

Simoncelli and Portilla present a texture synthesis
method based on statistical measurements of the seed
image and its wavelet decomposition [67]. The authors
apply higher order statistics while the previous meth-
ods [14,33] consider only �rst order statistics, i.e., his-
tograms.

An approach basedon statistical learning to repro-
duce the appearanceof an input texture has been pro-
posedby Bar-Josephet al. [5]. Their method treats the
input as a signal which accords a hierarchical statistic
model. Using wavelets,they construct a tree representing
a hierarchical multi-scale transform of the input signal.
A new texture is synthesizedby tracing this tree accord-
ing to a similarit y path. The approach allows for mix-
ing di�eren t input textures by mixing their correspond-
ing trees. Even to one-dimensionalsignalslike sound se-
quencesthe methods have beenapplied successfullyand
video sequencesare intended. The presented results are
quite impressive comparedto other statistical method.

Somestatistical texture synthesismodelsalsoexpand
to the temporal domain, namely synthesizing video se-
quences.Szummerand Picard proposesuch a model [72].
They assumetemporal texture can be modeledby Gaus-
sian noise with an autoregressive signal, leading to
a spatio-temporal autoregressive model (STAR). They
demonstratedtheir method on wavy water, rising steam,
and �re. They consider the consistencybetween frames
in their model.

Texture synthesis: In 1948Claude Shannonmentioned
a method for producing English-soundingtext basedon
N-grams [64]. The new text is synthesized by search-
ing for similar text sequencesin the seed text. Popat
and Picard's approach [58] is a kind of extensionof this
idea to two dimensions. While Popat and Picard used
a parametric sampling, Efros and Leung proposea non-

parametric sampling method which creates a look up
directory from the input sourceprior to texture synthe-
sis [21]. The same idea is found in Garber's forgotten
work [28]. It is based on Markov random �elds which
depend on the generatedpixels and the input seedtex-
ture. Comparedto other statistics-basedtexture synthe-
sismodels,this approach hasno problemsin reproducing
the spatial structure of the input texture.

Wei and Levoy present an accelerationmethod of the
non-parametric texture synthesis using tree-structured
vector quantization [77]. They apply the causal ker-
nel [58] (it is called \b est-�t model kernel" in [28]) to
scanline order. The output image boundaries are han-
dled toroidally to obtain a tileable texture. In order to
capture a large structure in the input texture, multi-
resolution texture synthesisis considered.They alsopro-
posean extensionto three dimensional textures, e.g., to
the temporal domain.

A coherent match method for the similarit y lookup
in sourcetexture has beenpresented by Ashikhmin [2].
The coherent match selectsa similar subimageaccord-
ing to the history of the synthesis process.Once a simi-
lar subimageis found, the next similar subimageis very
likely to be located adjacent to the last selectedone,be-
causetexture has some local coherence.In addition, a
user can guide the processto obtain a speci�c output
texture. The user inputs rough structures of the output
texture which are then together with the already syn-
thesizedpixels consideredduring the search for the sim-
ilar subimage in the seedtexture. The coherent match
method is rather e�cien t.

Zelinka et al. propose a realtime texture synthesis
version of the coherent map [82]. They �rst analyze the
input image to make a similar subimagelink map from
each pixel, called Jump Map. Synthesis is performed by
either copying the next pixel or jumping to a similar
place according to a random number and then copying
the pixel. To speedup the computation times, no simi-
larit y comparison is done during synthesis.

Hertzmann et al. present an imageprocessingframe-
work by example, called \Image Analogies" [34]. This
�lter makes a mapping from source image A to desti-
nation image A', and apply that map to source image
B to output the destination image B'. That is why it
is called Image Analogies. This �lter synthesizesan im-
age using both of the above mentioned non-parametric
sampling texture synthesis functions, i.e. a best approx-
imate match [21,28,77] and a best coherencematch [2].
The distances resulting from these two matching func-
tions are weighted by a user-speci�ed parameter to de-
termine which of the two matches is selected.The au-
thors demonstratemany applications of the imageanalo-
gies�lter, e.g.,traditional image�lter, texture synthesis,
super-resolution, texture transfer, artistic �lter, texture
by numbers, and so forth.

Most of these methods search for similar vectors in
the spatial domain. Soler et al. propose to search in
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the frequency domain [69]. They reinterpret similarit y
search as correlation, and the correlation of two func-
tions can be computed in O(N logN ) in Fourier space
through the FFT algorithm instead of O(N 2). When the
input is static, a kD-tree makesthe calculation complex-
it y O(N logN ) for the search. However, the tree must
store all vector elements. This consumesa large amount
of memory since each pixel typically has an associated
subimagevector which sizeis 10 to 100pixel. Instead of
this, Soler'smethod only requiresthe sizeof input image
(DCT) or the doubled size(FFT).

To exploit more coherence in the source texture,
patch-basedapproaches have been proposed instead of
per-pixel-basedapproaches.

Efros and Freeman propose a patch-based texture
synthesis method called image quilting [22]. First, a
seedtexture is subdivided into smaller blocks. Second,
theseblocks are randomly replacedsuch that neighbor-
ing blocks overlap. Finally, the overlapping regions are
blended with minimal error bounding cut.

Liang et al. present a patch-based sampling tex-
ture synthesis method [46]. To exploit the coherencein
the texture image, they transfer the complete subim-
age instead of a single pixel at each search. They intro-
duce a new tree structure to solve ambiguities by multi-
resolution analysis.

A patch-basedtechnique for image and texture syn-
thesis has been proposed by Cohen et al. using Wang
tiles [13]. Wang tiles are squares in which each edge
is assigned a color. A valid tiling requires all shared
edgesbetween tiles to have matching colors. They pro-
posea stochastic tiling method which can generatenon-
periodic pattern and a seamlessWang tile seedgener-
ation method applying the image quilting [22]. Since
only a color match test is required for construction, this
method is much faster than other methods that needan
expensive similarit y search for generatinga non-periodic
texture.

Patch-based texture synthesis methods are usually
very fast becausethey generateseveral pixel set at once.
The drawback of these methods is when the input has
large structures like complex depth or low frequency
shading e�ects, artifacts becomevisible in the synthe-
sized images.

Nealen et al. propose a hybrid method combining
patch-basedmethodswith pixel-basedmethods [50].The
patch similarit y is calculated as described in [69], then
they calculate the error of the surrounding patch bound-
ary. Each pixel with too large error is optimized using
pixel-based texture synthesis. This method can handle
large structures as well as patch-basedmethods but can
produce better boundaries.This advantage comesalong
with a lossof speedcomparedto the patch-basedmeth-
ods.

Usual synthesis method use L 2 norm as similarit y
measure.Harrison usesan entropy measurewith Man-
hattan distance (L 1) to calculate the similarit y mea-

sure[32].He statesthat the L 2 norm emphasizesoutliers.
In addition, he intro duces a constraint map to handle
non-homogeneoustextures. The user marks an impor-
tance map containing weights for each sourcepixel. He
demonstratesthat someof the non-homogeneity in the
texture can be handled with this importance map.

Another subimage similarit y metric is proposed by
Brooks and Dodgson [10] for editing a texture image.
Similarit y is used to replicate editing operations to all
similar pixels in the texture. For the similarit y metric
all pixels in the input image are encoded by a single
value computed as the sum of squared di�erences be-
tween each corresponding neighborhood pixel. Instead
of comparing subimagesthe similarit y is de�ned as the
L 2 norm betweenthe encoded values.

These texture synthesis methods assumethe homo-
geneity in the sourcetexture, they usesimilarit y search
with relatively small kernels.Therefore, it is hard to cap-
ture large structures which are intro duced by the depth
of the sceneor by shadinge�ects. Multi-resolution anal-
ysis to someextend alleviates thesee�ects [34,77].

To break the limitation causedby large structures
in the image, Oh et al. separatethe image to segments
manually according to the depth [52]. The texture syn-
thesis method can usethis depth information. However,
the segmentation needssevere manual preprocessing.It
is mentioned in the paper that processingone exam-
ple takes around ten hours by hand. The structure of
the illumination is extracted by applying the (bilateral)
SUSAN �lter [68,74]. This �lter can smooth out small
details while it keepssharp edges.Therefore, this �lter
suits texture editing with relighting.

Frequency domain transfer: Hirani and Totsuka pro-
pose an image restoration algorithm which can handle
both texture and intensity variation [35]. Their algo-
rithm is basedon projections onto convex sets and em-
ploys a Fourier transform together with a clipping proce-
dure. Projection and Fourier transformation are carried
out alternating for a user-de�ned number of iterations.
In addition, the user must interactively select a sample
region, which will be used to repair the damagedarea.
The sampleregion is restricted to be a translated version
of the defective region w.r.t. its texture. Care is taken
to automatically adapt intensity variation between the
sampleand the defectedregions.

Texture synthesis on surface: Traditionally texture
synthesis has been carried out on two dimensional im-
ages,however recently there are several texture synthe-
sis methods that work directly on surfacesof 3D ob-
jects [76,78,80,83]. The main di�cult y is to de�ne an
appropriate regular neighborhood on arbitrary surfaces.
Wei and Levoy generate this regular pattern by local
parameterization of the mesh[78]. Turk's method usesa
direct vector �eld generation technique on surfaces[76].
Zhang et al. also employ a user-guided vector �eld on



8 Hitoshi Yamauchiy et al.

the surface. In addition, they usea texon mask to keep
features of the seedtexture and resamplepixels for ob-
taining rotation and scale e�ects [83]. This approach
requires the user to input the initial coursedirection of
the vector �eld. According to the vector �eld a regular
sampling can be achieved. Lexing et al. solved the prob-
lem by intro ducing a texture atlas containing a su�cien t
number of charts for a smooth parameterization [80].
There are several methods to make such charts, for in-
stance[42].

Restoration method based on texture synthesis: Igehy
and Pereira intro ducean imagereplacement method [39]
based on the histogram distribution texture synthesis
method intro duced by Heeger[33].

Drori et al. propose an iterativ e approximation
restoration method [18]. The problem of restoration
methods based on texture synthesis is that the result
is very sensitive to each pixel selection.This meansthat
once a wrong pixel is selected, it becomesa fatal vi-
sual e�ect in the restoration. To avoid this binary de-
cision e�ect, Drori intro duce a con�dence map. During
the restoration process,a missing part is selectedwith
its surrounding subimage,and the subimageis assigned
a certain con�dence value. If most of the subimagebe-
longs to the non-missing part, the con�dence value is
high. If, however, a subimageis only reconstructed, its
con�dence value is low. This method iterativ ely updates
the missingpart and the con�dence map to avoid wrong
selection.

3 Parameterization

Let us �rst considerthe caseof parameterization of a 3D
input meshover the 2D domain [0; 1]2. In order to avoid
artifacts when texturing the 3D object we will �rst con-
centrate on parameterization of the entire meshat once,
i.e., without intro ducing cuts on the surfaceresulting in
a texture atlas containing a single patch. The result in-
tro ducesno problemswhenMIP-mapping is applied, but
it is clear that this goal cannot be achieved for arbitrary
meshes.

The focusapplication of this paper is on representing
human faces.Fortunately, human facesare topologically
equivalent to a disk, sinceonecan intro ducea boundary
around the neck and facestypically do not contain any
handles. Someother example meshesin this paper also
have disk topology.

In this section, we will compare the output of var-
ious parameterization algorithms and intro duce a new
method which adds two new terms to the L 2 geometric
stretch energy in order to obtain a less distorted and
controllable parameterization.

3.1 Parameterization Techniques

Figure 1 shows comparisonsof several parameterization
methods of the Stanford bunny model. For texture map-
ping, the L 2 geometric stretch method [62] usually pro-
ducesthe best results becauseit can keep both confor-
malit y and low area distortion. However, this method
needsan initial valid parameterization, and it is usually
time consuming since it minimizes a non-linear energy
function. In our case,an initial valid parameterization is
generatedusing Floater's [24] method.

Other examples produced by L 2 geometric stretch
parameterization are given in Figure 2. In fact, since
thesemodels are more or lessgeometrically similar to a
disk, even someof the linear energyminimization meth-
ods (e.g., [16,24,25,31]) can produce good parameteri-
zation results for thesemodels.

Figure 3 shows the results of geometrically rather
complexmodels.For most parts of the models,good con-
formalit y and low areadistortion are achieved. However,
the L 2 geometric stretch parameterization sometimes
producessevere cracks on the textured model as shown
in Figure 3. For example,both the Stanford bunny model
and the mannequin head model have several cracks on
the backside of their neck. These cracks are referred to
as \parameter cracks".

Praun and Hoppe intro duce L p regularization term
to L 2 geometric stretch energy to alleviate this prob-
lem [59].

L p = �
�

A0(Ti )
4�

� p=2+1

(� (Ti ))p (1)

wherep and � are user de�ned parameters,A0(T1) is the
area of the i th triangle Ti in the 3D mesh,and � (Ti ) is
the largest singular value of the transformation matrix
from 3D domain to 2D domain. This regularization term
tries to punish triangles which have large singular val-
uesmore badly than only using L 2 geometricstretch en-
ergy. Instead of applying this L p term to inversestretch
calculation as in [59], we applied this term to planar
domain in the same way. However, the results in Fig-
ure 4 show that even this term alleviates the e�ect of
parameter cracks a little, it also intro duces other un-
wanted distortions. Moreover, the L p term requires two
non-intuitiv e parameters,� and p. The e�ect of thesepa-
rameters are hardly predictable and in our experiments
the optimization gets stuck more easily in local minima
comparedto the pure L 2 geometric stretch energycase.
In Figure 4 we test several parametersstarting with the
recommendedvalues in [59] (� = 0:001; p = 6). In this
experiment, the area normalization coe�cien t 4� of L p

term in Equation (1) is 1:0 sinceour parameter domain
is a unit squareinstead of a unit sphere.

As several applications require preserving the mesh
structure [40], we only apply this regularization term
to parameterization unlike [59] which usesremeshing.It
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3.8

0.2

Fig. 3 The left two images show examples of parameter cracks on 3D textured model. Notice that there is a large distortion
around the neck part. The right two imagesshow the distribution of distortion for the mannequin model both on the 3D model
and on its 2D parameterization. The distortion ranges from 0.2 (blue) to 3.8 (white) in terms of L 2(T ) of [62]. For the bunny
model, the total distortion L 2(bunny) = 2:17 � 104 , and for the mannequin model L 2(mannequin) = 7:11 � 103 .

3.8

0.2

Fig. 4 Results of a L 2 + L 6 parameterization. For the bunny model, a choice of � = 0:01; p = 6 results in L 2(bunny) =
3:01 � 104 , and for the mannequin model, � = 0:001; p = 6 gives a total distortion of L 2(mannequin) = 1:07 � 104 .

3.8

0.2

Fig. 5 In
uence of the triangle shape term s(Ti ) on the distortion. Compared to Figures 3 and 4, parameter cracks are
alleviated. Here, L 2(bunny) = 4:40 � 104 , and L 2(mannequin) = 7:58 � 103 .

might bemoree�ectiv e to achieve low distortion by com-
bining a parameterization with regularization term and
remeshing. The paper [59] shows a good result of this
combination if a remeshingis possible.In the next sec-
tion, we will also discussavoiding the parameter cracks
e�ect without changing input meshstructure.

3.2 Extensions to the L 2 Geometric Stretch Energy

We intro ducetwo new terms to the L 2 geometricstretch
energy as shown in Equation (2). One is for increasing

the e�ectiv euseof texture areaand the other is for avoid-
ing the parameter cracks e�ect.

L 2(M ) :=

vu
u
u
u
t

P

T i 2 M

n
(L 2(Ti ))

2 ! (Ti )A0(Ti ) + s(Ti )
o

P

T i 2 M
! (Ti )A0(Ti )

(2)
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Fig. 1 Comparison of parameterization methods. From top
to bottom, 1. Floater [24], 2. Intrinsic [16] (� = 0:5), 3.
MIPS [37], 4. L 1 geometric stretch [62], 5. L 2 geometric
stretch [62].

with

! (Ti ) =
1

hN (Ti ); V i + k

s(Ti ) =
�

0 min h
b > = �

in�nite energy min h
b < �

Fig. 2 Well parameterized cat head and forehead obtained
by L 2 geometric stretch parameterization.

Fig. 6 The e�ect of the visual importance function ! (Ti ).
From top to bottom, the view direction V is changing from
the left sideof the faceto the right side.Each row left to right:
left side, front, and right side of the mannequin head model,
and the parameterization result. For all images, k = 1:2 has
been chosen.

whereM = f Ti g denotesthe triangle mesh,A0(Ti ) is the
surfacearea of triangle Ti in the 3D mesh,N (Ti ) is the
triangle's normal, V is a direction vector, and k(> 1)
and � are user prescribed parameters(seebelow).

The �rst term ! (Ti ) models\visual importance." Tri-
angle geometric stretch energy is minimized over the
whole mesh equally. However, we would like to use as
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much texture spaceas possible for the \imp ortant" re-
gionsof a model while minimizing the texture spaceallo-
cated to \unimp ortant" regionssincethe sizeof textures
that can be handled by graphics hardware is typically
limited. For instance, the front face is more important
for the viewer than the earsor even the back of the head
in human headmodel. Oncean important view is de�ned
by a user through the direction vector V , the visual im-
portance function ! thus favors the triangles on the face
by diminishing their error while penalizing the triangles
on the back of the head by amplifying their error. As a
consequence,triangles on the face becomelarger in the
texture meshwhile backfacing triangles becomesmaller.
This we call a view-dependent parameterization since
parameterization is depend on the important view. The
usercancontrol the degreeof ! 's in
uence to the param-
eterization result through the parameter k. To enlarge
the in
uence of visual importance, k should be closeto
1:0. From our experience,useful values for k are within
[1:01; 2], which results in ! (Ti ) 2 [1=3; 100]. The role of
this ! is consideredas another signal of [63].

Figure 6 shows view-dependent parameterization re-
sults for various view directions V . In this �gure, we use
the energy function of Equation (3) without the s(Ti )
term for clarifying the e�ect of visual importance func-
tion only. The user-de�ned parameter k is set to k = 1:2.

The secondterm s(Ti ) controls each triangle's shape.
The regularity of a triangle is represented by the ratio
h=b of the height h and the baseline length b. There
are three ratios in a triangle, and we de�ne h=b to be
the smallest ratio of the triangle. When this ratio is too
small, the energy becomesin�nite, which punishesthis
triangle. The triangle shape threshold � is given by the
user. � depends on the input mesh, the resolution of
input texture image, and an additional criterion. One
plausible criterion for texture mapping is, e.g., that all
triangles should cover at least one complete pixel. From
our experiences,we recommend � 2 [0:05: : : 0:15] for
[512� 512: : : 4096� 4096]texture imageswith up to 104

triangles. We also assumethe input meshtriangle more
or lesssatis�es this h=b ratio.

Figure 5 shows the e�ect of this triangle shape term
on reducing cracks. The term intro duceslessdistortion
than in L 2 + L p geometric stretch energy results, and
it still keepsconformality and low area distortion. We
alsoassumethe h=bratio parameter to be more intuitiv e
than the L p energy in Equation (1), since the h=b ratio
is more directly coupledto the triangle shape. One large
di�erence to [73] is that our method can control this pa-
rameter cracks e�ect. Intro ducing the s(Ti ) term makes
the total distortion energy higher than the original L 2

energy (seeFigures 3 and 5), however, this term equal-
izes the distortion distribution and achieves the lowest
visual artifacts.

4 Texture combination

After having created the 2D parameterized mesh from
the 3D input mesh,we resamplethe texture meshfrom
the input photographs that have been registered with
the mesh.We will show how to combine a single texture
from several input photographs using a face model and
photographs as an example.

4.1 Resamplinginput images

First, we perform a vertex-to-image binding for all ver-
tices of the 3D face mesh. This step is carried out as
suggestedin [60]: Each mesh vertex v is assigneda set
of valid photographs, which is de�ned as the subset of
the input photographssuch that v is visible in each pho-
tograph and v is a non-silhouette vertex. A vertex v is
visible in a photograph, if the projection of v on the im-
ageplane is contained in the photograph and the normal
vector of v is directed towards the viewpoint and there
are no other intersectionsof the facemeshwith the line
that connectsv and the viewpoint. A vertex v is called
a silhouette vertex, if at least one of the triangles in
the triangle fan around v are oriented opposite to the
viewpoint. For further details see[60]. In contrast to the
approach in [60], we do not require that all vertices of
the facemeshare actually bound to at least one photo-
graph, i.e. the set of valid photographs for a vertex may
be empty.

Theoretically, this is enough for classifying vertices.
However, there might be someerror becauseof registra-
tion or numerical errors especially in the neighborhood
of silhouettes.Someof the verticescanbebound to back-
ground pixels of the input photographs. Such a vertex
shouldbeclassi�ed asan unbound vertex. Wedetect this
registration error by comparing the color value with the
background color of input image.First we calculate pro-
jection coordinate of a vertex to its bound photograph.
Then, we sample the pixel value and calculate the dis-
tance betweenthis pixel value and the background color.
To avoid misdetection, we reducethe noise in the input
photographs by applying a usual median �lter and not
just comparewith a singlesamplepixel but perform the
Gaussianconvolution to with a 3x3 subimagemask. If
the distance is larger than a given threshold value, then
the vertex is re-classi�ed as an unbound vertex.

Let 4 = f v1; v2; v3g denote a triangle of the face
meshand e4 = f ~v1; ~v2; ~v3g be the corresponding triangle
in the texture mesh.For each triangle 4 , exactly one of
the following situations might occur (seealso Figure 7):

1. There exists at least one common photograph in
the sets of valid photographs of the three vertices
v1; v2; v3 of 4 (greentriangles).

2. All of the verticesof 4 are bound to at least onepho-
tograph, but no common photograph can be found
for all three vertices (blue triangles).
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Fig. 7 Color-coded triangles of the textured mesh: each
green triangle has at least one common photograph to which
all of its vertices are bound; the vertices of blue triangles
don't have a common photograph, but they are all bound;
red triangles have at least one unbound vertex.

3. At least one vertex of 4 is not bound to any photo-
graph (red triangles).

In the �rst case,we rasterize e4 in texture space.For
each texel T, we determine its barycentric coordinates
�; � ; � w.r.t. e4 and computethe corresponding normal N
by interpolating the vertex normals of 4 : N = �N (v1) +
� N (v2) + � N (v3). For each commonphotograph i in the
setsof valid photographsof all verticesof 4 , wecompute
the dot product betweenN and the viewing direction Vi

for the pixel Pi that corresponds to T. Finally, we color
T with the color obtained by the weighted sum of pixel
colors

P
i hN; Vi i � Color(Pi ) =

P
i hN; Vi i .

In the secondcase,we color each vertex ~vj of e4 indi-
vidually by summing up the weighted pixel colors of the
corresponding pixels in all valid photographsi of ~vj sim-
ilarly as in the �rst case:Color(~vj ) :=

P
i hN (vj ); Vi i �

Color(Pi ) =
P

i hN (vj ); Vi i . The texels of the rasteriza-
tion of e4 are then coloredby barycentric interpolation of
the colorsof the vertices~v1; ~v2; ~v3. Alternativ ely, we tried
to use as much information as possible from the input
photographsif, for instance,the verticesv1; v2 of 4 share
a photograph and the vertices v2; v3 shareanother pho-
tograph. However, this situation always happens near
the silhouette of object and the extrapolation of a miss-
ing vertex on the photograph will be unstable. [51] men-
tions about similar situation. They recommend to use
this kind of uv coordinate extrapolation since at least
the boundary has plausible color and this is better than
just a hole. We try this extrapolation and then perform
our registration error detection scheme,we found that it
fails in most of the case.Therefore, the plain color in-

Fig. 8 Boundaries in the skin texture (left) are removed
using multi-resolution spline techniques (righ t).

terpolation from reliable verticesusually producesmuch
better results in our case.

Sincewe do not require that each vertex of the face
mesh is bound to at least one photograph, there might
exist somevertices that cannot be colored by any of the
previously described schemes.We addressthis problem
in a two-stageprocess:First, we iterativ ely assignan in-
terpolated color to each unbound vertex. Next, we per-
form the color interpolation schemefrom the secondcase
for the remaining triangles of e4 that have not yet been
colored.The �rst step iterativ ely loopsover all unbound
and uncolored vertices of the face mesh. For each un-
bound vertex v, we check if at least p = 80% of the ver-
tices in the one-ring around v are colored (either by be-
ing bound to a photograph or by having an interpolated
color). If this is true, we assignto v the averagecolor of
all the colored vertices around v, otherwise we continue
with the next unbound vertex. We repeat this procedure
until there are no further vertex updates.Next, we start
the sameprocedureagain, but this time we only require
p = 60% of the vertices in the one-ring around v to be
colored.As soon asthere are no more updates,we repeat
this step twice again with p = 40% and p = 20%. Fi-
nally, we update each unbound vertex that has at least
onecoloredneighbor. Upon termination of this last step,
all vertices of the facemeshare either bound or colored
and the remaining triangles of e4 can be colored.

This color interpolation method is fast and easy to
implement, and it can �ll all missing pixels. However,
texture detail can not be reconstructed by this scheme.
More sophisticated pixel �lling methods, for example,
texture reconstruction, will be discussedin Section 5.

4.2 Combining imageswith resampling

If the input photographs have beentaken under uncon-
trolled illumination, the color might di�er noticeably be-
tween the images. In this case, boundaries might ap-
pear in the resampledtexture. We then apply a multi-



Textures Revisited (REVISED paper number 357) 13

resolution spline technique as proposedin [11,43] to re-
move visual boundaries. Figure 8 shows a comparison
between a textured head model with and without the
multi-resolution spline technique applied. The multi-
resolution spline technique needsa mask to determine
the overlapping region where is resampled from di�er-
ent input photographs. We proposean automatic com-
putation method of this mask for each region. Because
we have the 3D model and its registration information,
we can test the visibilit y of each triangle on the input
photographs to make a mask for combination. Then we
remove the outmost ring of triangles around the region,
see Figure 9. Such a shrinking is necessaryto ensure
that there is still some valid color information on the
outside of the mask boundary, becausethese adjacent
pixels might contribute to the color of the boundary pix-
els during the construction of Gaussian and Laplacian
pyramids.

We choosepolygon resolution rather than pixel res-
olution for this shrinking becauseof its simplicit y and
robustness against noise in the input photograph and
inaccuraciesduring projection along the silhouette.

We generatea texture triangle by triangle. Sincetex-
ture coordinates are assigned to each vertex through
OpenGL functions, triangle-based resampling is more
simpleand straight forward than pixel-basedresampling.

For our validit y test, we needto separatebackground
and foreground of the input photographs. We apply a
median �lter and Gaussiandenoise�lter for the separa-
tion. However, from our experiencepixel-basedvalidit y
tests are rather unreliable. Moreover, the calculation of
3D to 2D back projection near the object silhouette be-
comesinaccurate sincethe dot product of the normal of
near-silhouette triangles and the view direction is close
to zero.

Therefore, we usea conservative method. If all three
backprojected vertices of a visible triangle in 2D are
valid, we set all pixels inside the triangle to be valid.
Someof the adjacent pixels of such a triangle might also
be valid, but since this is di�cult to determine due to
input noise and backprojection inaccuracy, we simply
discard them.

Here we assumethat each backprojected triangle in
2D covers several pixels. However, when the triangle
mesh is very denseand the resolution of the input im-
ageis low, it might happen that a backprojected triangle
covers lessthan one pixel, in which casethis method is
problematic. However, this situation is unusual for tex-
ture mapping. In the opposite extreme case,the mesh
resolution is too low and each triangle occupiesa large
area in the 2D image. In this case,our method may dis-
card many potentially valid pixels. However, this means
that the model to be textured is geometrically rather
simple and the problem is trivial.

In addition to the masksfor each input photograph,
we create one more mask that is de�ned as the com-

Fig. 9 Multi-resolution spline masks: input photographs
from three di�eren t view points (top), texture meshes re-
sampled from their corresponding photographs (middle), and
their automatically generated masks shown in red (bottom).

plement of the sum of all the other masks. This mask
is used together with the resampledtexture to provide
somecolor information in thoseregionsthat are not cov-
ered by any input photograph (e.g. the inner part of
the lips). As described above, these regions have been
�lled by color interpolation in the resampled texture.
By blending all of the masked input photographs and
the masked resampledtexture with the multi-resolution
spline technique, we obtain a �nal texture with no visual
boundariesand with crisp detail. We usethis additional
mask for texture restoration to distinguish missing re-
gions in Section 5 sincethis mask indicates if each pixel
is resampledor not.

5 Texture restoration

In Section4, weintro ducethe color interpolation method
to �ll in the missing area. The method can produce
smooth color interpolation, but it is hard to reconstruct
details like texture.

If we can assumethat our reconstructing object is
easy to accessand it is static, we can take other pho-
tographs and register them until all pixel information
is given by photographs. However, some objects like a
human face are not static, and it is di�cult to take
photographs under the same condition, e.g., the same
lighting condition. Moreover, someobjects are di�cult
to access,for instance, historically valuable objects or
already lost objects, but several photographs remain. In
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these cases,if the total number of missing pixels is rel-
atively small, we should consider about reconstructing
thesemissing pixels from given incomplete information.

So far, there exist two di�eren t main approaches to
�ll in missing pixels: image inpainting and texture syn-
thesis.After giving an overview of thesemethods we also
proposea new approach which exploits the advantages
of both existing methods.

Image inpainting: Image inpainting methods [7,53] are
basedon a di�usion processto �ll missing regions.Each
pixel value in the missing region is calculated from sur-
rounding pixels according to a partial di�eren tial equa-
tion. In one of the simplest case,this partial di�eren tial
equation takes a Laplacian operator to \di�use" sur-
rounding pixels to the missing pixels.

An anisotropic di�usion method is proposed [7] by
Bertalmio et al. to deal with isophotolines.This method
can keepsomekind of edgesin the input image. On the
other hand, Oliveira et al. [53] state that there is no need
to keepisophotolinesin almost any case,however, when
they should be kept, their method adds the di�usion
barrier manually.

Both methods work well in missing areaswhich are
relatively small or thin, like scratches, blotches, and
texts. However, the problem arisewhen the missingarea
will be large. Becausethese methods �ll missing area
with a continuous function by solving partial di�eren tial
equation, the reconstructed area will become smooth.
Therefore, if the consideredimagecontains small details,
these details will not be reconstructed by the di�usion
process.Figure 15 includes a result of this method and
shows that the inpainting method deals well with text
and scratches,but fails at the large area.

Texture synthesis: Three main techniquesare proposed
to synthesizetexture:

1. procedural methods (e.g. fractal images),
2. stochastic methods (e.g. histogram equation, N-gram

equalization),
3. non-parametric sampling methods.

If an image generation function is available or can
be assembled, procedural methods typically are the best
choice, since they usually results in resolution free im-
ages.But it is usually di�cult to �nd such a function.

Dealing with arbitrary input at �rst, stochastic tex-
ture synthesis methods are proposed for synthesizing
a texture. Later, these methods are applied to image
restoration or image replacement [39]. These methods
capture the features of a texture through somecertain
stochastic measurement (e.g., mean intensity value, or
the histogram distribution of image). Then all we need
is to just an example texture, not an image generation
function. Even thesemethods can transfer somestochas-
tic parameter from source image to target image, the

input image output image

p

Nsrc Ndest

Fig. 10 Non-parametric sampling texture synthesis. The
black pixel `p' is the reference pixel of kernel N. The gray
region of the output image is completed region.

image usually needssomehomogeneousstructure which
can be handled by this stochastic parameters [14,33].

A non-parametric sampling texture synthesismethod
is demonstrated in Figure 10. This method get an input
sourceimage and generatea similar-looking destination
image as an output. In the texture synthesis process,
a subimage Ndest called \neighborhood kernel" is ex-
tracted from the destination image,and a similar kernel
Nsr c is looked up in the sourceimage which then deter-
mines the destination pixel color. The kernel shape in
Figure 10 is called best-�t [28] or causal [76] kernel and
is frequently used for texture synthesis. The kernel has
a referencepoint which is marked as \p" in Figure 10.
Several criterions havebeenproposedfor measuringsim-
ilarit y in order to �nd the matching source kernel, for
instance,Euclidean distance(L 2 norm), Manhattan dis-
tance (L 1 norm), entropy, and so forth. Thesedistances
are also dependent on the applied color space model.
When a kernel with the smallest distance has been de-
tected, the pixel value of referencepoint is transfered
from the sourceimage to the destination image. This is
repeated until all destination pixels are copied.

This non-parametric sampling method also needs
somehomogeneity in the sourceimage.This method can
capture the local detail information of imageby usingthe
kernel. The problem arise when the algorithms tries to
capture global structures of the sourceimagelike a large
shadow regionbecausethe algorithm usesa kernelof cer-
tain sizeto capture the featuresof image. When a large
sizekernel is usedto capture global features, the search
spacebecomestoo small and losesthe freedom to cap-
ture the feature sincethe sourceimagesizeis �xed. This
is a typical \curse of dimensionality" problem. Namely,
we can not extract enoughsampling information in the
�xed size data source,when the dimension of the sam-
pling kernel becomeslarger. To break this limitation,
multi-resolution search [77], coherent match [2], or com-
binations of both [34] have been proposed. Figure 15
includes a result of this method and shows that the tex-
ture synthesis method can reconstruct texture but fails
to capture global structures.
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Image restoration: Image inpainting and texture syn-
thesismethods assumean imageasa height �eld and try
to �ll the missing part of the �eld. We can summarize
the both methods in this point of view:

{ Image inpain ting metho d: The height �eld is re-
constructed by a certain continuous function. Global
structures are captured, but local detail information
is usually lost.

{ Texture synthesis metho d: Similar height �eld
patterns are lookedup usinga small kerneland trans-
ferred during reconstruction. Somelocal details like a
texel are captured, but global structures can usually
not be reproduced.

Image inpainting methods are good at reconstruct-
ing global structure in an image and texture synthesis
methods are good at reconstructing local details of an
image. These methods looks complementary, however,
thesemethods are not basedon the samemathematical
theory: one is basedon partial di�eren tial equation and
the other is basedon non-parametric search. In order to
combine them we needfurther study.

Let us considertheseproperties from the signal pro-
cessingmanner:

{ Image inpain ting metho d: The lower frequency
part of an image is reconstructed.

{ Texture synthesis metho d: The higher frequency
part of an image is reconstructed.

Since the lower frequency part of an image repre-
sents the global structure of the image and the higher
frequency part represents the local structure of it, we
proposea method that combines the advantagesof both
image inpainting and texture synthesis without inher-
iting their disadvantages. The main idea is that an in-
put image is �rst decomposed into a lower frequency
part and a higher frequency part by a frequency de-
composition technique, e.g., Fourier transform. Then,
the lower frequency part is reconstructed by image in-
painting method, and the higher frequency part is re-
constructed by non-parametric sampling texture synthe-
sis method. Finally, both reconstructed imagesare com-
bined to obtain the overall result. Herewewill explain an
enhancedmethod of [79], newly included a rotation in-
variant search method and a shrink order reconstruction
method. In [52], the authors usea bilateral �lter to ex-
tract the illumination structure. The �lter smoothesout
small details while it keeps sharp shadow edges.This
method works well for image editing, for instance re-
lighting images.However, for our purpose,keepingsharp
shadow edgesis not preferablesincesharp edgesinclude
a high-frequency component. Becausethe texture syn-
thesismethod hasa much higher potential to reconstruct
the high-frequency component than a di�usion based
process,we apply a frequency decomposition method
and combine the two techniquesdescribed above.

H 0

H*
0 L *

I *

H*
1

H 1

H*
2

H 2

=I H L+

Fig. 11 Overview of our method. top to bottom: the input
image I is decomposed into a high-frequency image H and
a low-frequency image L using a DCT. Image inpainting is
applied to the low-frequency part L to obtain the inpainted
image L � . The high-frequency part H is decomposed into
a Gaussian pyramid (shown up to level 2 in this example).
Starting from the highest level (H 2), multi-resolution tex-
ture synthesis is applied to the masked areas of the levels
H i . For each level, the neighborhood vector for the texture
synthesis (cf. [77]) is composed of the kernels of that level
and of all higher levels. In this way, coherency is maintained
throughout all texture synthesis levels. Finally , the resulting
high-frequency image H �

0 and the low-frequency image L �

are summed up to yield the restored image I � .

5.1 Image restoration algorithm overview

First we need to determine the missing region in a tex-
ture image. In the usual case,classi�cation of a missing
or defect region of an input image is subjective. There-
fore, this information should be given by a user. On the
other hand, in our facemodel example,the missingparts
are previously known as we described in the end of Sec-
tion 4. However, the proposed image restoration algo-
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I L � H 0 ; H 1 H �
0 ; H �

1

Fig. 12 Multi-resolution texture synthesis. Left to right: input image I ; Inpain ted low-frequency image L � ; Two levels(H 0 ; H 1)
of the Gaussiandecomposition of the high-frequency image H ; The sametwo levelsafter texture synthesis (H �

0 ; H �
1 ). The detail

imagesH i and H �
i (i = 0; 1) are shown with gamma correction to emphasizethe high-frequency detail. The restored image I �

is shown in Figure 15 bottom right. (The original texture was obtained from the VisTex web Page, Copyrigh t c
 1995 MIT.)

rithm is independent of how the image is created and
regionsto be �lled in are detected.

We need two inputs for this algorithm. One is the
input image I and the other is a binary mask M which
stores the identifying information of the region to be
reconstructed, i.e. for each pixel in I we have a corre-
sponding binary value in M .
Our algorithm proceedsas follows (cf. also Figure 11):

1. The input image I is decomposed into a high-
frequency part H and a low-frequency part L us-
ing a discrete cosinetransformation (DCT) (cf. Sec-
tion 5.2).

2. The fast image inpainting algorithm proposedin [53]
is applied to the interior of the masked areasof the
low-frequency image L to obtain the inpainted im-
ageL � . During this step, information from the entire
input image may be used by the image inpainting
algorithm. Here, only the pixels inside the masked
areaswill be modi�ed.

3. The high-frequency image H is decomposed into a
Gaussianpyramid with n+ 1 levels H i (i = 0; : : : ; n).
Section 5.3 provides some more details about this
step.

4. Starting from the highest level H n , we apply multi-
resolution texture synthesis [77] inside the masked
areasin H i (i = n; : : : ; 0):

4.1. First, a kD-tree for fast nearestneighbor look-up
is built [1]. However, the search space for tex-
ture synthesis in level H i does not only contain
the non-masked areasof H i , but additionally in-
cludesthe corresponding areasof the already syn-
thesized higher levels H �

k (k = i + 1; : : : ; n). To
obtain the sourceimage for the highest level H n ,
we simply apply the complementary mask M n to
Hn .

4.2. Texture synthesis is applied inside the masked
area of H i . The neighborhood vector (cf. [77]),
which is used to perform a look-up in the kD-
tree, is composed of the pixel information from
the texture synthesis kernel in level H i and of
all corresponding kernels from the higher levels

H �
k (k = i+1; : : : ; n). This ensureshigh coherency

among all texture synthesis levels.
More details about this texture synthesis step are
given in Section 5.4.

5. The synthesized high-frequency image H �
0 and the

inpainted low-frequencyimageL � are summedup to
yield I � , which represents the restored version of the
input image I .

Details of our implementation are given in the follow-
ing sections.Figure 12 shows someof the intermediate
levels of our algorithm for a sample input image.

5.2 Frequencydecomposition

In the �rst step of our algorithm, the input image I
is decomposed into a set of spectral sub-bandsusing a
discrete cosinetransform (DCT).

We select the �rst � sub-bandsand compute the in-
verse DCT of this subset. The resulting image is used
asthe low-frequencyimageL � . The corresponding high-
frequency image H � is obtained by subtraction: H � :=
I � L � . Obviously, the parameter � determinesan upper
bound for the (low) frequenciesthat are contained in L � .
Our goal is, to have as much detail (= high frequencies)
as possiblein H � , while making sure that low-frequency
gradients are completely contained in L � .

We assumetwo hypotheses to �nd a suitable fre-
quency parameter � . Thesehypothesesare:

1. If the lower frequencypart of an image is adequately
eliminated, the rest part of the image will be more
homogeneous,

2. Homogeneity of an imagecan be measuredby calcu-
lating the autocorrelation matrix of an image.

To this end, we compute the autocorrelation matrix 5 A �

of H � : A � := DCT � 1(DCT (H � ) � DCT( H � )).

5 The autocorrelation matrix A of a matrix H is de�ned
as A := DCT � 1(DCT (H ) � DCT (H )), where H denotes the
conjugate of H . In our case,the matrices H � (and thus also
DCT (H � )) contain real numbers only becausewe use DCT
to decomposeinput image.
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Fig. 13 Standard deviations of the autocorrelation matrices
A � of the input images shown in Figure 17 plotted over the
range of � = 1; : : : ; 16.

For a non-squareinput image I , we pad H � with ze-
ros to obtain a square matrix H 0

� and clip the zeroed
border of the resulting A0

� := H 0
� � H 0

� . Next, we com-
pute the standard deviation of the elements of the au-
tocorrelation matrix A � . Figure 13 shows the standard
deviations of the elements of autocorrelation matrices of
the input imagesshown in Figure 17. They are plotted
over the range of � = 1; : : : ; 16. We found that choosing
the lowest � value that yields a standard deviation of
lessthan 0.001givesgood results in general.

The e�ect of � is shown in Figure 16. When the �
goesto zero, our method is identical to the texture syn-
thesis method which is shown in Figure 15. When the
� becomeslarger, our method becomesto the image in-
painting method, since extracted higher frequency part
is fewer. Therefore, there might be an optimal � value
which can extract enough large structure as a low fre-
quency part, but still keepthe small details.

We use the Y channel of XYZ CIE color model for
this analysis.Sincethe large structures of an imagesuch
as shadows usually are most prominent in the Y chan-
nel [27].

5.3 Gaussian decomposition

The decomposition of the high-frequency image H into
a Gaussianpyramid is basedon the approach proposed
by Burt and Adelson [11]. In particular, we employ the
5x5 Gaussiankernel ! proposedin [11] with the recom-
mendedparameter value a = 0:4:

! (u; v) = b! (u) b! (v)

b! (0) = 0:4; b! (� 1) = 0:25; b! (� 2) = 0:05

The pyramid decomposition proposedin [11] requires
that the input image has a resolution of (p2N + 1) �
(q2N + 1) pixels (p;q; N 2 N) to ensurethat a Gaussian
pyramid of N + 1 levels may be constructed. In our case,
we may safelyterminate the pyramid decomposition at a

level n � N + 1. This can be explainedas follows: during
the texture synthesisin level i , we include the pixel infor-
mation from the kernelsof all higher levelsi+1; : : : ; n into
the nearest neighbor search. To be successful,however,
the search needsto have enoughcandidates(contiguous
groupsof pixels). Thus, the sizeof the smallestH n must
not be too small. In practice, we obtained good results
for pyramid decompositionsup to level three. As a conse-
quence,the resolution of the input imageI is practically
unrestricted for our method.

5.4 Texture synthesis

For the texture synthesis (step 4 in Section 5.1), we im-
plement and test the approachespresented in [21], [77],
and [2]. We �nally implement the approach proposed
in [34],which basically switchesbetweenthe texture syn-
thesis algorithms from [77] and [2] from level to level,
depending on a local distance criterion. during the tex-
ture synthesis in level H i , we typically usethe 5x5 best-
�t/causal kernel from [28,77] within H i , a standard 3x3
kernel for level H i+1, and a 1x1 kernel for the higher
levels H k (k = i + 2; : : : ; n).

Multi-resolution texture synthesis is applied inside
the masked areas of each level H i (i = n; : : : ; 0). The
complementary part of H i (i.e. the part of H i which is
outside the masked areas) is used as the source image.
Sincethe H i di�ers in size from level to level, the mask
hasto be adapted. Let M 0 := M denotethe user-de�ned
binary mask in the size of the input image. We decom-
pose this mask into a Gaussian pyramid up to level n
using the same approach and kernel as for the image
data (seeSection 5.3). This operation is carried out in

oating point arithmetic with 1.0 and 0.0 representing
true and falsefor the initial level M 0, respectively. Thus,
the higher levelsM i (i = 1; : : : ; n) contain blurry images
of the initial mask M . Next, we quantize every M i back
into a binary mask such that 0.0 maps to false and any
other value in ]0; 1] is mapped to true. Given that the
number of levelsof the pyramid is typically three or four
in our application, the clear distinction between0.0 and
any value larger than zero is not an issuein single pre-
cision 
oating point.

Image reconstruction order: The reconstruction pixel
order usually has an in
uence to the result [18,32], ex-
cept for highly homogeneoustexture [78].Also, when the
kernel shape is not symmetric (ex. best�t/causal kernel),
direction of kernel may changethe result.

This is why we implemented multiple reconstruction
orders: scanline order type 1 (one way, + x direction),
scanline order type 2 (alternativ e way, + x and � x di-
rection), and shrinking order. The \shrinking" order �lls
a hole in a manner that the hole is shrinking. First, we
calculate a distancemap inside of the hole. Each pixel of
this map has a Manhattan distance to the boundary of
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the hole. Then the reconstruction order follows the dis-
tance. In our experience,we found the shrinking order
usually producesthe best results.

There is one issue in this hole �lling process.If the
missing hole has a concave shape and the kernel shape
does not �t the boundary, we cannot not extract the
neighborhood kernel. In this case,this missing pixel will
remain and its distance will be increasedby one, to be
�lled in the next iteration.

However, when the best�t/causal kernel is used to
�nd the similar kernel, this kernel sometimesdoes not
�t the hole boundary sinceit is designedfor the scanline
order reconstruction. Therefore,weuseeight di�eren t di-
rections of best�t/causal kernel (cf. Figure 14). During
the imageanalysisphase(cf. Section5.1, algorithm 4.1),
all theseeight kernelsare usedto analyzethe sourceim-
ageand eight kD-trees are generated.In reconstruction
phase(cf. Section 5.1, algorithm 4.2), a possiblekernel
which is �t to the hole boundary is extracted from the
destination image. Then, we look up the corresponding
kD-tree of the extracted kernel, and �nd the closestker-
nel.

This algorithm can shrink any holes, even if the
boundary is concave. Considerthe texture is synthesized
in a scanlineorder fashion, then all possibleholeswould
be �lled if the �rst left top most pixel can be �lled. The
scanlineorder is a special caseof shrinking order. There-
fore, this hole �lling is always possible.Here, we assume
that it is possible to �ll the �rst missing pixel. This
means at least we have a non-missing subimagewhich
�ts the neighborhood kernel. We think this assumption
is reasonable,since the neighborhood kernel is usually
5x5 or similar size.However, we usually needmore non-
missing pixels to get a better result in practice.

Another advantage of shrinking order to �ll holes is
that we can use�xed-shape-�xed-size kernelsfor any ar-
bitrary boundary shapes.This meanswecanstill usekD-
trees for searching. An arbitrary shaped kernel is more
powerful, and can exploit the all non-missing pixel in-
formation. However, this can not �t the kD-tree search
algorithm sinceyou can not query a vector with chang-
ing its sizeand structure. Furthermore, it is not practical
to generateall kD-trees corresponding all patterns and
to store them to the memory, becausethe total number
of arbitrary shaped kernel is the sum of binomial func-
tion. Somemethods [18,50] usearbitrary shaped kernel
for their search which yields a linear search with com-
putational complexity of O(n2) which is larger than the
O(n logn) complexity of the kD-tree search. Although
the �xed shape kernel approach might miss someinfor-
mation during the search, we think this is a good com-
promising point consideringthe rotation invariant search
and the computation speed.

Figure 15 shows a comparison of texture synthe-
sis [77], image inpainting [53], and our approach. The
reconstruction order in texture synthesis is scanline or-
der as proposedin [77]. Both texture synthesis and im-

Fig. 14 Eight di�eren t orientations of 5x5 best�t/causal
kernel. The referencepoint is �lled with black.

age inpainting treat small scratches and thin area well,
i.e., the text. Limitations of texture synthesisand image
inpainting arisewhen large areasare missing.This point
is also stressedin [18] where the texture reconstruction
from real objects is investigated.In this problem, usually
somecontinuous missing area rather than small scratch
or blotchesoccur. Becauseof this, we needa method to
reconstruct large structures and small details.

Our algorithm is controlled by two di�eren t parame-
ters: the number of DCT sub-bands(� ), from which the
low-frequency image L � is computed (cf. Section 5.2),
and the number of levels (n + 1) in the Gaussiandecom-
position of the high-frequencyimage(cf. Section5.1). In
practice, we obtained very good results when choosing
the lowest � value that yields a standard deviation of less
than 0.001as described in Section 5.2. Thus, the choice
of � is fully automated in our approach. The optimal
number of levels in the Gaussiandecomposition is some-
what hard to predict, though. In general, we obtained
good results when using three or four levels, i.e. setting
n = 2 or n = 3.

Figure 17 shows some results obtained with our
method. Each input image is shown with its mask ap-
plied. For the purposeof illustration, the color of each
maskhasbeenchosento di�er signi�cantly from the con-
tent of the input image. We found that the restored im-
ageslook plausible in general.In somecaseswe obtained
results that lookedsurprisingly good. Oneexampleis the
table image(Figure 17, right column), where the 
are of
the highlight that is re
ected from the marble 
o or is
restored very well after the masked tables have beenre-
moved. We have not performed numerical comparisons
of the results of di�eren t image restoration techniques,
though. We believe that a simple RMS comparison is
uselessin the context of image restoration, sinceit does
not take into account relevant perception issues.

In our approach, we applied imageinpainting to han-
dle intensity gradients in the input images.During our
simulations, we found that multi-resolution texture syn-
thesis alone can solve the intensity variation problem to
a certain extent. However, the casesof the missingareas
are relatively larger and more irregularly shape, using
image inpainting in additional to multi-resolution tex-
ture synthesis is more favorably.



Textures Revisited (REVISED paper number 357) 19

input image texture synthesis [77] image inpainting [53] our method

Fig. 15 Comparison between texture synthesis, image inpainting, and our method for input images with texture (top row)
and with texture and additional intensity gradient (bottom row). Each row left to right: input image (damaged areas are
masked out); Resulting images from texture synthesis [77], from image inpainting [53], and from our new method.

� = 2 � = 4 � = 8 � = 16

Fig. 16 E�ect of � value. When � is equal to zero, this method is identical to the texture synthesis method since no low
frequency part is extracted. When � is maximum, this method is identical to the image inpainting method, since in this
case all frequency components are treated as low frequency part. An optimal � is in between them. We use the coherence
parameter [34] = 10.

Currently , our implementation is rather experimen-
tal: no optimizations have beenperformed, and the tim-
ings include gathering of quite a lot of statistical data.
All timings were collected on a 1.7GHz Pentium4 PC
and are given for an input image size of 600� 450 pix-
els. The time to restore an image depends heavily on
the percentage of the masked pixels. In our simulations,
we typically usedmasksthat covered4{6 % of the input
image. For these masks, our algorithm took about 5{
10minutes to complete (including I/O). The initial fast
image inpainting took 4{20 seconds,depending on the
convergenceof the (iterativ e) inpainting algorithm.

6 Results

Figure 18shows the results of our facereconstruction ap-
plied to two facemodels. The presented method is fully

automatic except for registering a 3D scanned model
with photographs. In this example,we process3D range
scan data according to [40] in order to obtain the in-
put mesh, and register photographs to the mesh by
hand. Figures 18 (a.2) and (b.2) are the parameteriza-
tion results using geometric stretch energywith triangle
shape (height-baseline) ratio � = 0:05 and visual im-
portance factor k = 1:5 in Equation (2) where the view
vector is directed to seethe front face. Resampling re-
sults are found in the sameFigure (a.3) and (b.3). Blue
pixels indicate that the input photographs do not pro-
vide any information for this surface region, i.e., there
is no photograph where the surface points are visible.
Figures 18 (a.4) and (b.4) show the color interpolation
results after �lling in the hole as described in Section 4,
while in Figure (a.5) and (b.5) the missing part are re-
constructed using the proposedimage restoration tech-
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painting (n = 1; � = 4) posters (n = 1; � = 6) wall (n = 1; � = 5) tables (n = 2; � = 5)

Fig. 17 Top row: input images with masked areas. Bottom row: restored images (see also Section 6). The parameter � (=
number of DCT sub-bands used to compute the low-frequency image L � ) has been chosen automatically according to our
autocorrelation metric (cf. Section 5.2). n is the highest multi-resolution level. The level is starting from 0.

niques as described in Section 5. The frequency decom-
position parametersare � = 4 in (a.5) and � = 5 in (b.5).
These � s are calculated with the criterion as described
in Section 5.2. In Figures 18 (a.6) and (b.6) the texture
mapped 3D model is presented. We use�v e photographs
as the input, namely front, left, right, back, and the up-
per front view. An exampleof front, left, and right inputs
is given in Figure 9. If we render the reconstructedmodel
from a view which is found in the input photographs,it is
clear that this is a simple problem asall information can
be found in one of the input photographs. The problem
becomesmore interesting when we render novel views
such as Figures (a.6.1), (a.6.3), (b.6.1), and (b.6.3). On
these pictures, we can see the combined images from
several (three or four) di�eren t input photographs. The
imagesdemonstratethat the reconstruction quality com-
paresvery well to the input images.

Figure 19 shows the comparisonof the color interpo-
lation method and the image restoration method. You
can �nd the areasenclosedby blue lines on Figures 18
(a.3),(b.3). Although these regions have no input infor-
mation, both methods can reproducecolors.Besidesthe
image restoration method reconstructs sometexture.

7 Conclusions and Future W ork

We have proposeda method to generatetextures from
3D geometry models and individual, uncalibrated pho-
tographs. Our method requires no user interaction for
most processingsteps.Only the feature registration step
requires interactive speci�cation of a few feature points.

Our approach consistsof three sub-tasks:parameter-
ization, texture combining, texture restoration.

For the parameterization, we intro duced two signal
terms for the geometrystretch energymethod: the visual

color interpolation image restoration

Fig. 19 Comparison of color interpolation method and im-
age restoration method. Inside area of the blue lines has no
texture information. The bottom row is zoom in of the upper
part of ear at middle row. (cf. (a.3) and (b.3) in Figure 18)



Textures Revisited (REVISED paper number 357) 21

(a.1) input model (a.2) parameterization (a.3) resampling (a.4) color interpolation (a.5) image restoration

(a.6.1) left front view (a.6.2) front view (a.6.3) right front view (a.6.4) back view
(a.6) model + texture mapping result (the texture image is (a.5))

(b.1) input model (b.2) parameterization (b.3) resampling (b.4) color interpolation (b.5) image restoration

(b.6.1) left front view (b.6.2) front view (b.6.3) right front view (b.6.4) back view
(b.6) model + texture mapping result (the texture image is (b.5))

Fig. 18 Face reconstruction results. In parameterization ((a.2), (b.2)), visual importance parameter k = 1:5, triangle shape
ratio � = 0:05, In image restoration, frequency parameter � = 4 (a.5) and � = 5 (b.5). These � s are automatically calculated
by the criterion of Section 5.
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importance term and the triangle shape term. The visual
importance term de�nes the importance on the texture
for e�cien t useof texture area.The triangle stretch term
is for alleviating the parameter cracks problem of L 2

geometric stretch parameterization.
For the texture resampling problem, we apply the

multi-resolution spline technique to delete the boundary
artifacts which come from di�eren t illumination condi-
tions of input photographs.We needmasksfor applying
the multi-resolution spline technique. In our case,these
masks have complex shape. We propose the automatic
mask generation method using registered 3D model in-
formation.

Texture restoration is neededbecausesometimeswe
can not �nd pixel information on input photographs
by registration error or occlusion. In our case, taking
some more pictures to �ll such missing pixel informa-
tion might not be a good solution. The human face is a
dynamic object and it is hard to reproduce exactly the
sameface.Therefore, intro ducing morepictures may add
up to the error. Moreover, a facehasview dependent re-

ection component (e.g.,specular re
ection component),
this makesdi�cult to control the illumination condition.

To solve this problem, we intro duced color interpo-
lation method which exploit the 3D mesh topology to
�ll in the missing pixels, and image restoration method
which combines image inpainting method with texture
synthesis method by using the frequency analysis. We
also demonstrated that this image resolution method is
useful for a variety of defective images.

A remaining problem is the automatic generation of
a robust registration method of a 3D model with corre-
sponding input photographs.

Other future work for each subproblem is as follows:

{ In parameterization, we gave two kinds of signals.
Each signal parameter is decided experimentally . A
promising research direction would be to �nd optimal
parameter valuesfor �ne tuning the signals.

{ In texture resampling,we solved the boundary prob-
lem by the multi-resolution spline technique. This
method connects discontinuit y regions with cer-
tain continuous function. However, the discontinuit y
comesfrom the di�erence in illumination conditions.
Sometechniqueshavebeenproposedto eliminate the
view dependent element of illumination [15,48]. We
believe that thesemethods could improve our results
further.
We used a triangle-based mask shrinking method,
which is simple to implement and robust to noise.
However, image resolution and projected triangle
areamight not match. We are currently investigating
shrinking methods taking into account image resolu-
tion.

{ In image restoration, we reconstructed the missing
parts of the input imageusing its boundary informa-
tion. Therefore, the reconstruction may not be sta-
ble for certain complex boundary conditions. We are

planning to investigate a robust method which can
exploit the global structure in order to reliably re-
construct images.
In this paper, we focused on a fully automatic
method. However, if we can utilize someuser guided
information for reconstruction, a higher quality may
beobtained. For example,in [83],a usercanprescribe
feature information (texton mask), rotation vector,
and transition function. Such user-de�ned guidance
may improve the reconstruction quality and alsogive
somefreedomto the user to control the results.
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