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Abstract

Mesh skinning has been awidely applied method in games for skeleton driven character animation. A gaming charac-
ter can be easily animated and deformed by transforming every vertex using a weighted sum of proxy bone transfor-
mations in the skeleton. Arbitrary deformations such as facial and cloth animation can also be effectively represented
with arelatively large number of proxy bones. However, the large number of necessary proxy bones makeit difficult to
intuitively control the animation of deformable surfaces. This dissertation investigates novel methods for data-driven
deformation and level-of-detail rendering of skinned mesh.

The first part of this dissertation includes methods to effectively generate new animation for a skinned mesh,
which may be a non-articulated model or highly deformable surface such as face or clothes. We develop a regression
framework to learn deformation styles for a skinned mesh from example configurations based on kernel Canonical
Correlation Analysis (CCA). Without expensive non-linear optimization at run-time stage, the regression method is
very efficient and can achieve real-time performance in generating novel mesh deformations. The regression method
is also investigated to generate deformation details for dynamic clothes. A hybrid approach for cloth animation is
developed to find a mapping between coarse deformations to high-resolution spatial details in a cloth model. The
quality of regression model is improved by making separate regressions at different detail scale and by identifying
suitable rotation-invariant quantities for regression. The run-time components are implemented efficiently on GPU to
achieve an overall real-time performance on high-resol ution cloth models.

In the second part, we focus on real-time rendering methods for skinned mesh. We introduce feature preserving
triangular geometry images for level-of-detail rendering of skinned mesh. Triangular charts pack efficiently, ssimplify
the elimination of T-junctions, arise naturally from an edge-collapse simplification base mesh, and layout moreflexibly
to alow their edges to follow curvilinear mesh features. By incorporating skinning weights and skinned bounding
boxesinto the representation, a view-dependent LOD scheme can be applied for rendering skinned meshes stored and
rendered entirely on the GPU to maximize throughput. We also devel op a data management scheme for precomputed

radiance transfer to render skinned models with global shading effects.
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Chapter 1

| ntroduction

1.1 Partl : Data-Driven Skinned Mesh Defor mation and Cloth Animation

Mesh skinning has been widely used in games for skeleton driven skin deformation. Linear blend skinning (SSD) isa
popular technique that transforms every vertex using aweighted sum of nearby bone transformations. Bone influence
weights can be automatically estimated from examples. Meanwhile, fully automatic techniques have been devel oped
to compute proxy bones and their influence weights from mesh animations [7]. In [9], the extracted proxy bones
were used for segmenting markers into rigid segments. High quality skin deformations can be reconstructed via a
second-order skinning scheme followed by RBF-based interpolation of the residual errors. The algorithm in [6] also
relies on proxy bonesin addition to rotational regression to overcome the limitations of SSD. Although the technique
in[7] isprimarily targeted at articulated models, it can be extended to highly deformable surfaces by fitting a suitable
number of bones [3]. Nevertheless, the relatively large number of necessary proxy bones make it hard to intuitively
control the animation of deformable surfaces.

The research in the first part of this thesis tries to provide an intuitive control method on the class of deformable
objects generated by skinning [7, 3], which can effectively deform a non-articulated model or highly deformable
surface such as face or clothes. We present a regression framework to learn deformation styles for a skinned mesh
from example configurations based on kernel Canonical Correlation Analysis (CCA). Instead of solving for new
bone transformations via a relatively expensive nonlinear optimization such as methods previously investigated in the
framework of MeshlK [10, 11], we adopt alearning approach which has an offline training stage in addition to the run-
time animation stage. Because of the precomputation in the training stage, impressive real-time performanceis made
possible during the run-time stage. In addition, our method can accommodate a larger number of training examplesto
faithfully learn a deformation style because its run-time stage has linear scalability in terms of training examples.

Cloth animationis a challenging task for real-time computer graphics. Although efforts have been madeto achieve
real-time performance for simulating relatively low-resolution cloth, thereis still rooms for improvement to generate
higher quality dynamic folds and wrinkles. We propose a framework for adding these details in high-resolution cloth

on alow-resolution cloth simulation in real-time. It relies on data-driven models to capture the relationship between



cloth deformations at two resolutions. Such data-driven models are responsiblefor transforming low-quality simulated
deformations at the low resolution into high-resolution cloth deformations with dynamically introduced fine details.
The key components in this framework is two non-linear mappings for mid-scale and fine-scale deformations in the
high-resolution cloth model. The method relies on the carefully chosen rotation invariant quantitiesthat are well suited
for training high-quality data-driven models. We have also developed a fast collision detection and handling scheme
based on dynamically transformed bounding volumes. The run-time stage can thus be efficiently implemented on

programmabl e graphics hardware to achieve an overall real-time performance on high-resolution cloth models.

1.2 Partll : Real-Time Rendering for Skinned Mesh

Realistic rendering and high frame rates are two most important aspects in games. However, the two goals are oftenin
conflict sinceincreasing rendering quality implies using higher resolution models, whichin turns hurtsthe framerates.
L evel-of-detail control providesamore efficient resource management scheme by rendering a higher resolution model

only when it is closer to the viewer. Traditional view-dependent LOD representations based on mesh simplification
[12, 13, 14] with poor cache coherence. Geometry images [15] support efficient LOD display [16, 17, 18] by storing
the mesh as a MIP-mapped texture image with better GPU cache coherence, but flattening a mesh into a single
geometry image can create severe parametric distortion.

Most of the existing LOD methods have been devel oped for static meshes only and and simplification for deform-
ing meshes has been less explored. The quadric error metric [19] can be extended [20, 21] for simplification of a
mesh with multiple deformed poses into a pose-independent simplified mesh. Hierarchical face clustering has been
performed in [22] to achieve pose-dependent simplification with higher visual quality for precomputed mesh defor-
mation sequences. To our knowledge, thereis no previouswork dealing with level-of-detail representation and control
for skinned meshes.

The research in the second part of this thesis is to augment geometry images with new support for the dynamic
meshes found in modern videogames animated by linear-blend skinning deformations. We propose triangular geome-
try images as a single solution that combines the cache coherence of geometry images, the lower distortion of multiple
charts, the straightforward downsampling of a simple chart shape, and a feature preserving layout. To represent a
skinned mesh as geometry images, we store vertex skinning weights in addition to the (rest-pose) vertex positionsin
the geometry image, and downsample both for dynamic mesh LOD. We al so surround each skinned triangle chart with
an oriented bounding box whose corners are themsel ves skinned to deform with its contents. The screen size of apro-
jected bounding box selectsthe optimal LOD resolution for each triangular chart. The result is aview-dependent LOD

representation for both static and skinned meshes stored and rendered entirely on the GPU to maximize throughput.



High frame rates requirements in games also restrict the quality of realistic rendering. To achieve photo-realism,
complicated light transport needs to be simulated for the effects such as glossy reflection, interreflection, shadow-
ing and subsurface scattering under environment lighting. However, these simulations are not feasible for real-time
rendering. Precomputed radiance transfer (PRT) provides the opportunity to produce compelling realism with global
shading effectsin real time. Originally developed for static scenes [23, 24], PRT has been subsequently extended to
fixed animation sequences as well as deformable objects with shading effects caused by detailed surface features but
without cast shadows [25]. It has also inspired techniques that produce soft shadows for dynamic scenes [26, 27] as
well as agorithms for real-time lighting design [28] and cinematic relighting [29]. However, the generalization of
PRT to dynamic scenes with global shading effects, such as interreflection and subsurface scattering, has not been
very successful.

The last part of this thesis is to extend real-time PRT rendering to skinned mesh, which is commonly used in
computer games. We take the exampl e-based approach that draws many samplesin the pose subspacesfor a particular
object and precomputes radiance transfer for them. During run-time, the example PRT matrices are interpolated from
nearest neighbors in the pose space to produce rendering results for the new poses. Since we need to precompute
radiance transfer for every sampled pose, resulting datasets reach hundreds of gigabytes, and are orders of magnitude
larger than those for a static object. Thus we present effective clustering and compression schemes for precomputed
radiance transfer matrices so that the aforementioned runtime data communication, decompression and interpolation
can be performed efficiently and accurately. As aresult, high-quality real-time rendering with global shading effects

is achieved.



Chapter 2

Real-Time Data-Driven Skinned Mesh
Deformation Using Kernel Canonical
Correlation Analysis

Achieving intuitive control of animated surface deformation while observing a specific style is an important but chal-
lenging task in computer graphics. Solutions to this task can find many applications in data-driven skin animation,
computer puppetry, and computer games. We present an intuitive and powerful animation interface to simultaneously
control the deformation of alarge number of local regions on a deformabl e surface with a minimal number of control
points. Our method |earns suitable deformation subspaces from training examples, and generate new deformationson
the fly according to the movements of the control points. Our contributions include a novel deformation regression
method based on kernel Canonical Correlation Analysis (CCA) and a Poisson-based translation solving technique for
easy and fast deformation control based on examples. Our run-time algorithm can be implemented on GPUs and can

achieve afew hundred frames per second even for large datasets with hundreds of training examples.

2.1 Introduction

Achieving intuitive control of animated surface deformation while observing a specific style is an important but chal-
lenging task. Very often, the surface undergoi ng deformation does not have an intrinsic skeleton. For example, creating
interesting and meaningful facial expressions requires surface deformation induced by an orchestrated coordination
of a number of muscles. An intuitive and powerful animation interface should be able to simultaneously control the
deformation of alarge number of local regions on such a deformable surface with a minimal number of control points
(animation parameters). Solutions to this task can find many applicationsin data-driven skin animation and computer
puppetry. This is especially true with the recent trend in computer game design, which makes in-game avatars and
virtual environments subject to user-level control and customization.

With the rapid progress in data acquisition and physically based simulation techniques, one effective solution
would be learning suitable deformation subspaces from acquired or simulated examples, and generate new deforma-
tions on the fly according to the translational movements of a sparse set of control points. Thus, one challenge we need
to overcomein intuitive control of arbitrary deformationswould be learning the mapping between sparse control point

movements and the deformation of an entire surface with at least thousands of DOFs. Fortunately, deformations at



Figure 2.1: Novel deformations of various styles can be generated in real time with our data-driven method.

different regions of the surface might be highly correlated. For example, moving an eyebrow should not only deform
the eye, but also affect the cheek and mouth in a meaningful expression. Moving one region of clothing might create
wrinkles on other regions. Therefore, it is crucial to learn these potentialy nonlinear relationships from the examples
and let them guide novel deformations.

Anocther challenge in achieving our goa is the performance requirement in real -time applications such as gaming.
Anupdaterate of thirty frames per second isthe basic requirement in gaming applicationswhich have alarge portion of
their system resources devoted to Al and renderinginstead of animation. Thusthe run-timealgorithm for deformations
needs to be extremely fast and reach a frame rate much higher than 30fps. Preferably it should make use of modern
GPU'’s parallel processing power. This consideration implies that the framework should not involve sophisticated
run-time computation that is hard to parallelize effectively on GPUs.

In this paper, we present a statistically based framework to learn deformation styles for a skinned mesh from
example configurations. Our contributions include a novel deformation regression method based on kernel Canonical
Correlation Analysis (CCA) [30, 31] and a Poisson-based trandl ation solving technique for easy and fast deformation
control based on training examples. Our run-time agorithm can be implemented on GPUs and can achieve a few
hundred frames per second even for large datasets with hundreds of training examples.

In our method, we first extract from example meshes a sparse set of control points as well as a skinned mesh
with bones and bone influence weights. The goal of a subsequent learning processis to capture connections between

control points and bone deformations in the example data and train a predictor generating novel bone deformations



from control point movements. To achieve this, we first perform nonlinear model reduction by applying kernel CCA
to find a pair of nonlinear subspaces that maximize the correlation between the pairs of example configurations. The
original data are then projected into the subspaces to obtain their reduced coordinates. Standard regression techniques
can be performed on the reduced coordinates to train a desired predictor.

At run-time, the deformation predictor is used to generate novel bone deformations according to control point
movements. The prediction process is reformulated into matrix-vector multiplications and kernel transformations,
both of which can be efficiently implemented on GPUs for parallel processing. For deformations with large bone
rotations, the predicted bone translations can be improved using a real-time Poisson-based linear solver which only
requires a single matrix-vector multiplication if the pseudo inverse of its coefficient matrix has been precomputed.
The resulting bone transformations from previous steps can be directly used in a GPU-based skinning algorithm. High

performance has therefore been achieved in all of our experiments.

2.2 Related Work

Mesh skinning has been widely used in games for skeleton driven skin deformation. Linear blend skinning (SSD)
is a popular technique that transforms every vertex using a weighted sum of nearby bone transformations. Bone
influence weights can be automatically estimated from examples. Direct blending of rotation matrices by SSD suffers
from collapsing joints and the “candy wrapper” artifact when joints are overly bent or twisted. Techniques have been
proposed to compensate such inaccuracies. The method in [20] can well model example-based muscle deformations
by adding extra joints around the area with large skinning errors. Their joint placement is compact and can resolve
artifactsfrom SSD with little performanceimpact. Dual -quaternion skinning [32] have also demonstrated good results
in terms of both deformation quality and performance. In addition to these fast skinning a gorithms, there exist more
expensivetechniques|[33, 34, 35] that effectively integrate recent mesh deformation techniquesto generate high quality
skin deformations.

Meanwhile, fully automatic techniques have been devel oped to compute proxy bones and their influence weights
from mesh animations [7]. In [9], the extracted proxy bones were used for segmenting markers into rigid segments.
High quality skin deformations can be reconstructed via a second-order skinning scheme followed by RBF-based
interpolation of the residual errors. The algorithm in [6] also relies on proxy bonesin addition to rotational regression
to overcome the limitations of SSD. Although the techniquein [7] is primarily targeted at articulated models, it can
be extended to highly deformable surfaces by fitting a suitable number of bones [3]. Nevertheless, the relatively large
number of necessary proxy bones make it hard to intuitively control the animation of deformable surfaces.

Example-based mesh deformation driven by a small number of translational handles instead of a skeleton have

been previously investigated in the framework of MeshlK [10, 11], where deformation gradients are interpol ated from



example poses and new vertex positions or new bone transformations are solved via a relatively expensive nonlinear
optimization, which simultaneously involves all examples. In contrast, this paper adopts a learning approach which
has an offline training stage in addition to the run-time animation stage. Because of the precomputationin the training
stage, impressive real-time performance is made possible during the run-time stage. In addition, our method can
accommodate a larger number of training examples to faithfully learn a deformation style because its run-time stage
has linear scalability in terms of training examples while the time complexity of the algorithm in [11] is a cubic
polynomial of the number of example poses. Thus, our method is better suited for real-time data-driven animation.

Facia expressionsare difficult to animate due to correlated deformationsin multipleregions, the variety of expres-
sions and the existence of small features such as wrinkles. Blendshape face is a popular real-time technique for facial
animation. By establishing relationships between motion capture data and blendshape weights, new facial animations
can be generated from facial MoCAP data [36, 37]. However, unlike our method, these techniques require relatively
dense marker movements. In FacelK [2], spatially varying blending weights based on control point positions are
computed to generate novel expressions from multiple example faces. In Face poser [38], a nonlinear optimization
is formulated in a maximum a posteriori (MAP) framework to find optimal PCA coefficients. These face animation
techniques are relatively expensive and are not well suited for real-time applications.

Cloth is another challenge for both deformation acquisition and creation. A pattern-based cloth capturing method
has been proposed in [39] to reconstruct a deforming cloth mesh from multiple views, but areal-time interfaceis till
needed to create potentially novel animations consistent with the style of the captured data. On the other hand, the
main objective of the editing techniquesin [40, 41, 42] was to modify an existing mesh animation but not to create a
novel one according to control point movements.

This paper also shares the same motivation with previous work on skeletal animation driven by low-dimensional
control signals [43, 44]. Specifically, the method in [43] performsglobal nonlinear model reduction using a particular
form of Gaussian processes. At run-time, arelatively expensive nonlinear optimizationis still necessary to reconstruct
a complete skeletal configuration from low-dimensional signals. In comparison, our method performs local nonlinear
model reduction for each proxy bone using kernel CCA and does not require nonlinear optimization at the run-time.

Note that linear CCA has been applied in [45] for aligning two serial signalsin skeletal animation.

2.3 Overview

Our goal is to achieve real-time example-based surface deformation and animation using sparse control points. The
original surface can be an arbitrary deformable surface without a skeleton. Given a set of surface deformation exam-
ples, wefirst build two different abstractionsfor the surface. Thefirst abstraction is designed as an animation interface.

It is avery sparse set of control points whose locations on the surface are such that they can unambiguously convey
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Figure 2.2: The work flow of our method.

the intended deformation. The second abstraction is a sparse set of abstract bones whose deformation parameters are
collectively used for generating the deformation of every vertex on the surface in real time. To build connections
between these two abstractions, a crucia preprocessing step is to train deformation predictors d(c) from pairs of
configurations of control points and bone deformations, (c, d). At run-time, these predictors effectively generate new
bone deformations, and in turn new surface deformations faithful to the style in the training examples, from novel
control point movements. Since the prediction models are precomputed, generating new deformations at run-timeis

efficient and uses little computational resource. The work flow of our system is summarized in Figure 3.2.

Training Stage. Given meshes with n,, different deformations, we identify several mesh vertices in highly de-
formable regions and use them as the control points. We adapt the method in [46] to guide our control point selection.
The method works by performing principal component analysis (PCA) on vertex positions from mesh deformation
examples to obtain a set of bases. Varimax rotation is used to rotate each PCA basis vector into a more localized
version. Two representative points with largest differences are then selected automatically from each rotated basis
vector. Finaly, we interactively choose n . samples from these representative points that are placed near the semantic
features of theinput mesh such as eyes or the mouth. These points are then concatenated together to form the vector c.
Note that user interaction is only for choosing one of multiple points automatically identified near the same semantic
feature and can be finished in a few minutes.

We also build a skinned mesh which includes a set of bone deformations and the bone influence weights for
each vertex. The skinned mesh is generated by grouping original triangles with similar transformations into the same
bone[6]. Theerror E 4_, g of joining bone A to bone B is defined to include not only vertex prediction errors, induced
by applying B’s transformation to A’s vertices, but also edge prediction errors in terms of both edge orientation and

length. Each bone acts as an abstract representative for transformations, and its influence weights on a vertex are then



obtained by minimizing the fitting error of vertex positions in all examples. In terms of bone transformations, we
chooseto fit arigid transformation in the form of a dual-quaternion using the method in [3].

Once the set of control point sequences and corresponding deformations have been collected for each bone from
the examples, we perform nonlinear model reduction using kernel CCA [30, 31] and build a deformation predictor
using linear regression. We first transform every data pair,(c, d), into reduced coordinates (c.,d,) by performing
kernel CCA, which finds pairs of projection bases which maximize the correlation between ¢ . and d,.. We then apply
linear regression on the reduced coordinates (c., d,) to compute the deformation predictor that maps ¢, to d,.. The
mapping isin the form of aregression matrix, and can be computed by minimizing least-square errors. Both the CCA

bases and regression matrix are computed for each bone in the skinned mesh.

Run-time Stage. At the run-time, the CCA bases are used to transform new control point coordinates into reduced
coordinates. The regression matrix is then applied to the reduced coordinates as the predictor to obtain new dual
quaternion transformations for each bone. For highly deformable meshes, instead of using the predicted bone transla-
tions, we recompute them by solving the Poisson equation [47] in real time to distribute errors more uniformly over
the entire mesh as well as to satisfy positional constraints for better user control. Note that we still use the rotational
part of the prediction as usual. Most of the run-time processin our method can be formulated as simple matrix-vector
multiplications plus kernel function evaluations, which can be implemented on GPUs very efficiently. The run-time

performance of our method can achieve hundreds of frames per second in our experiments.

2.4 CCA Based Regression

We apply a statistically based method called canonical correlation analysis [30] to perform model reduction and
obtain optimal basis pairs that reveal the functional dependency between control points and bone deformations. While
principal component analysis (PCA) performs feature extraction for a single set of variables, CCA extracts pairs of
features that yield maximum correlation between two sets of variables and, thus, is better suited as a preprocessing
step for regression. We chooseto use CCA because of its ability to capture data dependency while avoiding overfitting.
If wedirectly apply linear regression or kernel-based regression methods such as RBFs on the input data, the resulting
predictor can fit the example data very well, but there is the risk of overfitting if the input examples are sparse. The
obtained predictor might not be able to learn the essence of the actual deformation model, especialy in terms of non-
linear facial deformations, and produce unnatural novel deformation sequences (Figure 2.3). Moreover, for example
pairs that are nonlinearly correlated, the kernel trick can be applied in the CCA formulation to establish nonlinear
dependency between variables, which enrich the classes of deformation our system can handle.

In the following subsections, we review the mathematical background of CCA, and describe the details of our



regression method.

24.1 Canonical Correlation Analysis

Given two sets of variables {c,d} withc € R™ andd € R™, CCA finds pairs of bases {uc,uq} such that the

projections ¢, = u.’ c and d,, = uq” d have their correlation p maximized. Here we follow the derivation from [31].

Specificaly,
_ Eled] Elu.TedTug] 1)
P VE[QE[E] /EulccTu]Elug’ddTug] '
The maximization can be formulated as :
Ty
max p = max e Zedlld (2.2)
Ue,Ud Ue,Ud \/ucTEccucudTEddud

where X4 = cov(c, d) is the cross-covariance matrix of c,d, and 3., X4q are defined similarly. The solution for

{uc,uq} can be obtained viasingular value decomposition (SVD) of the matrix :
Sel SeaSy? = UDVT 23)
whereld, D,V are the resulting decomposition of SVD. Thei-th basis pair can be obtained by computing
el = N2 U (24)
and
ugl = 8,7V (2.5)

wherel{* and V* are the i-th column of matricesi/ and V. Note that there are a maximum number of min(m, n) basis

pairs, where min(m, n) is equal to the smaller dimension of ¢ and d.

242 TheKernd Trick

Instead of representing CCA basesin alinear subspace, we can aso construct a nonlinear version of the algorithm via
kernel functions. The kernel method was originally used to extend a support vector machine (SVM) to its non-linear
version. It works by mapping the original data into a higher dimensional feature space and solving a corresponding
nonlinear version of the problem in that feature space. Suppose ¢ : R* — R!,t > s isamapping that transforms x
into the feature space. A kernel function, k(x,y), can be used to define the dot product in the feature space. That is,

k(x,y) = ¢(x)T ¢(y). Inmany cases, the kernel function has asimple closed-form expression even when the mapping
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itself ishard to formulate explicitly. The kernel trick meansif the original problem can be reformulated to depend only
on the dot product of the original data, the nonlinear version of the problem can be formulated to depend only on the
kernel function. Asasimple example, let ¢(x) be a mapping which transforms a vector x = (z 1, z2) into the vector
of all second degree monomials (z%, 22, x12, z2x1). We can clearly seethat ¢(x) T ¢(y) = k(x,y) = (xTy)?%. Here
k(x,y) = (x'y)? isthe second degree polynomial kernel.

Thenonlinear version of CCA in our current context can be derived viathekernel trick. Givenn ,, pairs of example
data{c’,d’};”, withc’ € R andd’ € R™, wedefineC = (c'...c"™)andD = (d'...d"») asdatamatriceswith
their i-th columns being c? and d*, respectively. The covariance matrices for nonlinearly mapped data can be written
as:

Sea = $(C)D”, Tee = ¢(C)¢(C)", g = DD,

where ¢(C) is a nonlinear version of matrix C by applying the mapping ¢ on each column of C. We choose to
transform only the input matrix C instead of both (C, D) because a nonlinear mapping of D would result in a
nonlinear reconstruction at run time from reduced coordinates to original ones, which would be expensive considering
the performance requirement of our method. Because the basis pair {u ., uq} aways lies in the span of the mapped
data{¢(C), D}, we can further expressapair of bases {u., uq} asu. = ¢(C)f. andug = Dfy, wheref., fg € R"r
are coefficient vectors with their dimensions equal to the number of example pairs. Therefore we can write the

nonlinear version of (2.2) using the kernel as follows:

f." K. Kf,
max p = max cdd (2.6)

fo fo fo fe \/ch(KC)chde(Kd)Qfd

where K. = ¢(C)T¢(C) and K; = DTD. Note that the entries of K. can be computed by the kernel function k.
instead of by ¢(c) explicitly. Thisis the dual form of (2.2), and can be solved in a similar manner via SVD as (2.4)
and (2.5).
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Our Results PCA+RBF Regression RBF Regression

Figure 2.3: A comparison among our method, regression based on both PCA and RBFs, and direct RBF-based regres-
sion. The top row shows the fitting quality of a training example, and the bottom row shows a predicted deformation
once the user pulls a control point. The colored spheres are the control points, with the red one indicating the point
being edited by the user. All three methods can fit the training data very well without noticeable differences. However,
RBF and joint PCA-RBF regression fail to generalize beyond original examples and produce distorted results.
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Suppose we retain n pairs of coefficient vectors from SVD to form two matrices, F. = (fc1 . £ and

Fq = (fd1 ...f4"7). The projection of an input ¢ onto the basisu.* can be computed as

np ny

d(c) uc' =Y fL0(e)To(c)) = > fiike(c, ).
j=1 j=1
Thus, the vector of reduced coordinates, ¢, € R™/, can be expressed in a matrix-vector form as follows.

cr = F.¢, (2.7)

where ¢.€ R™ isthe kernelized vector whose j-th entry is k.. (c, ¢).

243 Regression

We use regression to build up connections between control point coordinates and bone deformations. We use dual
quaternions for representing bone deformations [32]. A dua quaternion q ¢ + eq. represents arigid transformation.
It involves two classic quaternions, qo and q., therefore, a bone deformation involves eight parameters, d € RS.
Linear blending of dual quaternions can be applied to blend multiple corresponding rigid transformations, and the
resulting dual quaternion still represents a rigid transformation. We choose to represent a bone deformation using
a dual quaternion instead of an affine transformation matrix because it has better interpolation property than the
transformation matrix and can avoid the “candy wrapper” artifact [3] when used for skinning. It also has fewer
parameters than an affine transformation matrix, and is therefore a more suitable choice for regression.

Regressionis performed once for each bone. The outcome of regressionisapredictor, d(c), that isableto predict a
bone deformation, d, given the concatenation of all control point coordinates, c € R "<*"Por wheren,. isthe number
of control pointsand n po r 1S the degree of freedom of each control point. Note that a control point can have at most
3 DOFsinits 3D position. Given n,, surface deformation examples, we first extract from each example apair of data,
(c’,d") for the bone. Kernel CCA isthen performed on all extracted data pairs to obtain the set of n ; CCA bases and
the collection of reduced coordinates, C, € R"f*"» and D, € R"™*"», of al data pairs after projection onto the
bases. While PCA can only have a common set of bases for all bones, thereis a distinct set of CCA bases specifically
tailored for each bone. Given those pairs of reduced coordinates, we compute an optimal predictor B . € R/ *"f by

performing the following linear regression:

np

: i3 12
nélcn; [Becr’ — d,’|| (2.8)
where ¢,* and d,’ are the i-th column of C,., D, respectively. We choose a simple linear predictor because the
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Figure 2.4: A comparison of kernel functions in our CCA-based model reduction. Predictors based on nonlinear
polynomial kernels produce higher quality deformations without artifacts when compared with results based on the
linear kernel.

example data pairs have already been nonlinearly transformed using kernel CCA to maximize their dependency and
linear regression can aready produce accurate predictionsin all our experiments.

Since the output deformation from our predictor isin the form of reduced coordinatesas well, they need to be used
to further reconstruct the eight parameters of a dual quaternion. Different from PCA, the bases generated by CCA are
not necessarily orthogonal to each other. Therefore we cannot directly reconstruct these parameters by considering
the reduced coordinates as weights over the CCA bases. In theory, dual bases of the CCA bases need to be computed
to achieve accurate reconstruction. Since we do not kernelize the example deformationsin our CCA formulation, the
matrix of dual bases can be represented as a linear mapping H 4 € R®*"s which transforms the reduced coordinates
D, to optimally approximate the example deformationsD. Thus, it isthe solution of thefollowing linear |east-squares

problem:

: i 3iy2
rgldniijllﬂddr d'|>. (2.9)

Note that since the matrices F., B, Hq are consecutive linear mappings, we can concatenate them into a single
linear operator M, = HyB:F. that predicts the resulting deformation d given the kernelized vector £ . from the
input c. In our run-time implementation, this combined predictor M 1, isused in place of F'., B, and Hq for efficient
execution.

We have verified the merit of CCA-based nonlinear model reduction by comparing our results with regression
based onradial basis functions (RBF). We tested both direct RBF regression and RBF-based regression from reduced
coordinates obtained by applying PCA to control point configurations. In both schemes, a regression model is com-

puted by minimizing least-squares errors. As we can see from Figure 2.3, athough the fitting error for the training
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Figure 2.5: Deformation prediction without an additional translation solver may yield distorted results. However, once
our Poisson-based translation solver has been applied, the resulting deformation becomes natural without artifacts.

examples is small in al of the methods, the direct regression scheme tends to overfit the training data and produce
unnatural predicted results. On the other hand, while PCA-based model reduction can prevent overfitting, there are
till distortions in the predicted results. Thisis because the same set of PCA bases are used in the regression for all
bone transformations, and it cannot necessarily give rise to a good functional dependency for every bone.

We have also compared the quality of predicted deformations from linear and polynomial kernelsin CCA-based
model reduction. As shown in Figure 2.4, for certain deformation styles such as facial animation, nonlinear kernels

yield more natural results.

2.5 Poisson Trandation Solver

At run-time, the transformation for each bone is generated independently using the predictor learned in the previous
section. Usually we can directly use thisresulting transformation for dual quaternion skinning. However, when nearby
bones undergo very different 3D rotations, small prediction errorsin translation may be amplified in the visual results
and create artifacts in regions jointly controlled by multiple bones. We solve this problem by computing a new set
of trandations for the bones in a Poisson formulation. The motivation is that while bone rotations define deformed
local shapes, it is the bone tranglation that integrates these local shapes together. By solving for new trandations, we
can ensure that the resulting transformations will be consistent among nearby bones while preserving the deformed
local shapesfrom our prediction. In addition, control point positions can be enforced as soft constraints in the Poisson

formulation.
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As a preprocessing step for the Poisson solver, we perform linear blend skinning for both vertices and edges on
the deformable mesh surface. Let v! be the rest position of the i-th vertex v;, {wﬁ?}g’il be its skinning weights for
al bones, and {Rp, t },*, be the rotation matrices and translation vectors of &l bones, the skinned vertex position
v = Y, wl(Rpo! + tp). We aso fit a set of skinning weights {w?};", for each edge e, = vro — v in the
mesh. We treat ! as a skinning weight for edge e, analogousto w? for v;. Specifically, we compute {@}};"*, by

minimizing the following fitting error of the edge:

np np
' , " ,
min ) fleg = >y (Re’e})|? (2.10)
j=1 b=1
Note that we use the same set of bone transformations when fitting weights for edges. Since the edge orientationisa
vector, we have removed the translation component in the error formulation.

Our Poisson-based trand ation solver is formulated as an optimization problem which minimizes the differences of

two edge predictions. The objective function of this minimization is formulated as follows.
Ne Ne
; ; 2 , 2
min Y[ (vip — viy) = el + 5 o5, —al (211)
k=1 =1

where 3 is a weighting factor for positional constraints, e; = Y, W} (Rpe)) is the skinned edge representation,
¢; represents the current position of the i-th control point, v;, is the vertex corresponding to the /-th control point,
and n. isthe number of edges. Here the rotation matrix R., is directly from prediction, and new translation vectors
t = {to...t,, } aesought asthe solution of this minimization. It can be easily verified that (2.11) isactualy alinear
least-squares problem, ming [|At — T||?, where T contains al bone rotation matrices and control point positions,
and matrix A can be computed from rest-pose vertex positions and the skinning weights for both vertices and edges.

Since entries in matrix A do not change at run-time, we precompute its pseudo inverse P = (ATA)"'A” ina
preprocessing stage. Therefore the solution of (2.11) can be directly found by a matrix-vector multiplicationt = PT.

This simple solution technique makes it straightforward to implement on GPUs.

Theinsightful reader might notice that dual-quaternion skinning has been replaced by linear blend skinning in our
Poisson formulation. The reason for this approximation is that the evaluation of dual quaternions makes the solution
nonlinearly depend on the predicted rotations. Thus the problem becomes a nonlinear optimization, which is much
more expensive to solve at run-time. In practice, we have found the resulting translations from this approximation
works very well in all our experiments.

To validate our trandlation solving process, we have compared the predicted deformationsfrom novel control point
movements with and without the translation solver. As we can see in Figure 2.5, the predicted deformation is much

more distorted without the Poisson-based translation solver because of the inconsistency of the translations among
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nearby bones. On the other hand, new translations obtained from our translation solver can better position nearby

bones and are much more natural visually.

Remark A solution in the form of matrix-vector multiplication for the Poisson problem has previously been used
for solving for transformations of a reduced deformable model [6]. However, their method was derived in the context
of deformation gradients and both the new matrix transformations and trand ations were solved. In our method, we
propose anovel view of the problem by treating edges as additional elementsfor skinning, and therefore do not require

any specific treatment for deformation gradients or recomputing the rotation matrices.

2.6 GPU Implementation

Since all the run-time components can be reduced to linear operations, we can implement most of them efficiently on
GPUs. During each frame, the data sent to the GPU from CPU only includes the current control point coordinates,
which have less than 150 bytes in all of our examples. Both the deformation prediction and trandation solving
processes are performed entirely on GPUs.

The overall GPU implementation can be separated into three stages: two matrix-vector multiplications for CCA-
based prediction, one matrix-vector multiplication for solving translations, and a dual-quaternion skinning step in
a vertex shader. In both prediction and trandation solving steps, there are additional kernel transformations and
guaternion conversion for each bone. But overall the computation is dominated by straightforward matrix-vector
multiplications. In our implementation, we use CUDA [48], a general GPU programming framework by nVidia, for

thefirst two GPGPU stages.

2.6.1 Deformation Prediction

Given uploaded control point coordinates c, we first compute the kernelized vector ¢ . from data matrix C, which
is defined at the end of Section 2.4.2. The predicted deformation d 1, for bone b can then be obtained via a matrix-
vector multiplication dp, = Mp&e, where My, is defined in Section 2.4.3 as the product of multiple matrices. For
computational efficiency, we concatenate M, from all bonesinto one large matrix M, and perform the multiplication

only once per pass. Note that both M and C can be precomputed and preloaded to GPU before the run-time process.

2.6.2 Trandation Solving

Once we have obtained the predicted dual quaternions, we convert their non-dual parts into rotation matrices and
concatenate them into a single vector T. Similar to the previous stage, we can precompute and preload the pseudo
inverse matrix P to the GPU memory. The transglations t can then be computed directly by t = PT. Once we have

obtained t, we useit to generate a new set of dual quaternionsd’ by updating the translation part of d with t. We map
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the resulting dual quaternionsd’ into an OpenGL texture buffer to make it available in the skinning stage.

2.6.3 DQ-Palette Skinning
Thelast step of our GPU implementation performs dual -quaternion skinning [32] to actually deform the mesh. Dual-

quaternion skinning for vertex v; isformulated as
) ny ST
v; = (D widp)ol (Y widp)
b=1 b=1

where w? isavertex skinning weight, d = qo — eq. isthe dual quaternion conjugation,d ~1 = d* = qj, + eq? isthe
inverse of unit dual-quaterniond with ||d|| = 1,and 0 = 1+ ¢(v i + v, j + v. k) isthe dual quaternion representation
for vertex v = (v, vy, V).

We perform the above skinning in avertex shader in an intermediate pass before normal computation and shading.
The rest-pose vertex positions and their skinning weights are preloaded to GPU as a Vertex Buffer Object (VBO). In
the vertex shader, we compute at each vertex a weighted sum of revised dual quaternionsfrom the previous pass. The
interpolated dual quaternion is then applied to the vertex to obtain its deformed position. In the final rendering pass,
new vertex normal vectors are computed on the fly based on deformed positions from previos stages. This resultsin

more accurate normal and improve the shading results.

2.7 Experimental Results

We chose three different types of example deformations, including facial animation, articulated mesh animation,
and secondary deformation of clothing driven by underlying articulated motion, for our experiments. Among them,
the facial animation and clothing deformation examples were real-world data acquired using computer vision tech-
niques [2, 39]. In the CCA-based regression stage, we chose the fifth degree inhomogeneous polynomial kernel,
k(x,y) = (xTy+¢)?, for facial animation, and the Gaussian kernel for other deformations. The differences between
these two kernel functions are not significant in predicted results. In our experiments, the Gaussian kernel worked
well for al of our examples, while the polynomial kernel produced slightly better result for face demo.

The parameters of the kernel functions are estimated automatically. For the Gaussian kernel, its standard deviation
is set to the standard deviation of control point positions from the training examples. In the chosen polynomial kernel,

c is set to the average norm of control points scaled by a constant factor (0.1 in our case).
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Figure 2.6: Comparisons with ground truth on articulated mesh deformation. The top row shows the ground truth
which was not part of the training data, and the bottom row shows our synthetically generated results. (Kernel function
: Gaussian)
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Figure 2.7: Frames from predicted facial deformations generated using our method. The framesin the top row belong
to atesting facial animation sequence. The bottom row shows novel expressions generated from interactive editing.
(Kernel function : Polynomial)
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Figure 2.8: Comparisons with ground truth on cloth deformation. The top row shows the ground truth which was not
part of the training data, and the bottom row shows our synthetically generated results. (Kernel function : Gaussian)
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Figure 2.9: A bending style is trained from given examples to generate novel deformations with the same style. The
blue models on the |eft are training examples. The green ones on the right are novel deformations. (Kernel function :
Gaussian)

Figure 2.10: A simultaneous galloping and collapsing sequence generated from a deformation predictor trained using
two separate galloping and collapsing sequences. (Kernel function : Gaussian)

At run-time, novel bone deformations can be predicted in real time in our system (Table 5.1) with novel control
point movements. We demonstrate this by generating novel animated surface deformation with the motion trajectories
of a sparse (< 10) set of control points. Here we obtain the control point movements directly from testing mesh
sequences, though they can also be obtained from MOCAP data. Although surface deformation is underdetermined
with such a sparse set of constraints in the original deformation space, our regression model is able to predict the
deformations from the learned subspaces based on the training examples. The resulting deformations are shown in
Figures 2.6, 2.7, and 2.8. The top rows of Figures 2.6 and 2.8 show ground truth that was not part of the training
data. We have also designed an interface to let the user drag any of the control points either in a 3D space or on a
2D projection plane. The interactively defined control point positions can also be used for generating novel surface
deformations.

We show the capability of our method in learning different deformation styles in Figure 2.9 and 2.15. Given
sparse training examples of a bending style, our method can produce novel deformations with the same style. We
can also combine examples of different deformation styles to produce a hybrid deformation predictor. In Figure 5.3, a
simultaneous galloping and collapsing sequenceis generated from our predictor using training examples from separate
horse galloping and collapsing sequences.

We have compared our results with FacelK [2] and PCA-based blendshape on facial animation. We used the
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Ground Truth FacelK PCA Blendshape Our Method

Figure2.11: A comparison of predicted deformation among our method, FacelK [2] and PCA-based blendshape. Our
method generalizes well within the deformation subspace |earned from training examples, and produces results closer
to the ground truth than the other two methods.

| Examples | Vertices || Bones | #CCA | #Train | #Test | fps | Prep |
Face 23,728 260 8 38 384 | 502 | 20min
Pants 1,453 150 80 1691 | 466 | 15min
Armadillo | 33,000 80 29 298 | 408 | 18 min
Horse 8,431 150 27 n/a 506 | 13 min
Cylinder 2,000 40 3 40 798 | 2min
Bar 8,000 90 3 40 632 | 6min

N| N[ 00| 00| 0o

Table 2.1: Statistics and Timings. All performance measurements were taken from a 3.0GHz Pentium D processor
with nVidia Geforce 8800GTS 640MB VRAM. '#CCA' meansthe number of CCA bases used for each bone, "#Train’
means the number of training examples, '#Test’” means the number of testing examples, and ' Prep’ means the total
time for all preprocessing steps. Our Poisson-based translation solver were not used for Face and Cylinder. Instead
of the total number of vertices, the number of bones, training examples and the translation solver are more influential
factors affecting the final frame rate.

same set of control points and their moving sequences for all three methods and recorded the prediction errors for
each method. The RMS errors for Facel K, PCA-based blendshape and our method are 0.0242, 0.0143 and 0.0108,
respectively, when the largest dimension of the bounding box of the face is scaled to have a unit length. Visual
comparison results are also shown in Figure 2.11. While the numerical errors are not large for al methods, the
visual result from our method is more natural and closer to the ground truth than others. FacelK is not a real-time
technique and sometimes produces results with obvious distortion around facial features such as the mouth. For PCA-
based blendshape, we built a set of blendshape bases using PCA and solved for optimal blendshape weights from
new control point positions using least-squares. Because the sparse set of control points are not sufficient to robustly
solve for the blendshape weights, there are visible artifacts in the resulting deformations. We have also compared the
performance of our method with Face poser [38]. In their method, a nonlinear optimization is performed on CPU at
run-time and requires significantly more time than our method. It can only solve for less than six frames per second

while our method is around two orders of magnitude faster.
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We have compared the accuracy of our regression with SAD [3] using the same number of proxy bones. Since
SAD cannot be directly used for generating novel deformations, we only perform the comparison on the training
examples. Our results were obtained by predicting the deformations from control point configurationsin the training
examples, and SAD results were from direct skinning of training examples. The comparison is shown in Figure 2.12,
where our method can faithfully reproduce the deformations from original training examples after regression while
SAD failsto accurately fit the training examples with the same number of bones. Since SAD uniformly places proxy
bones on the mesh, its skinning results are less optimal.

To demonstrate the scalability of our method, we have tested the performance of our system with an increasing
number of proxy bonesand training examples. Asshownin Figure 2.13, our system can still achieve more than 100 fps
even for the extreme case of 650 boneswith the Poisson-based transl ation solver, which has a quadratic dependenceon
the number of bones. In Figure 2.14, we demonstrate the performance of our system by generating the deformations

for agroup of 15 pairs of pants on thefly at 35 fps.

2.8 Conclusions and Future Work

We have presented an intuitive and powerful user interface to simultaneously control the deformation of an entire de-
formable surface with a minimal number of control points. Our contributions include a novel deformation regression
method based on kernel CCA, a Poisson-based translation solving technique, and an efficient GPU implementation.
Our run-time agorithm can achieve a few hundred frames per second even for large datasets with hundreds of ex-
amples. Comparisons show our method can achieve better results than existing ones on challenging tasks such as

handle-based facial animation.

Ground Truth SAD Our Method

Figure 2.12: A comparison of fitting quality between our method and SAD [3]. Our method generates more accurate
and natural results.
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Figure 2.13: Performance plots of our method with or without the Poisson-based tranglation solver, using an increasing
number of bones and training examples. For plots with a varying number of bones, we use 38 training examples for
the regression model. For the plot with a varying number of training examples, we use 100 proxy bones.

Thereexist afew limitationsin our method that need further research. First, the control points need to be specified
before regression and fixed in subsequent animations. However, our current regression implementation only took
less than 30 seconds in al of our experiments. With further optimization, it is possible to change control points and
rebuild the regression model at run-time. Second, the predicted deformations are not always localized when moving
control points. Thisis undesirable when precise control is necessary. However, in typical data-driven animations, the
movements of control points are not independent but highly correlated. Therefore, such alimitation would not create
serious problemsin practice. Finally, since our method is data-driven, the quality of predicted deformations depend on
training examples. As shown in Figure 2.15, when examples are completely missing in certain directions, our system
can only generate simple shearing deformation. This can be alleviated by adding extra examples in those directions.
Since our system is highly scalable with respect to the number of training examples, adding a few extra examples

would not hurt performancein practice.
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Figure 2.14: A group of 15 pairs of pants are animated simultaneously at 35 FPS. Deformations for individual pairs
are generated independently in real time.

(A) (B) © (D)

Figure 2.15: Our data-driven method depends on training examples in (A) to produce an extreme new deformation
in (B), which demonstrates a strong extrapolation capability. However, if examples are completely missing in the
perpendicular direction, the predicted deformation becomes a simple shear as shown in (C), which can be improved
by inserting an extratraining example in that direction as shownin (D).
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Chapter 3

A Deformation Transformer for Real-Time
Cloth Animation

Achieving interactive performance in cloth animation has significant implications in computer games and other in-
teractive graphics applications. Although much progress has been made, it is still much desired to have real-time
high-quality results that well preserve dynamic folds and wrinkles. We introduce a hybrid method for real-time cloth
animation. It relies on data-driven models to capture the relationship between cloth deformations at two resolutions.
Such data-driven models are responsible for transforming low-quality simulated deformations at the low resolution
into high-resolution cloth deformations with dynamically introduced fine details. Our data-driven transformation is
trained using rotation invariant quantities extracted from the cloth models, and is independent of the simulation tech-
nique chosen for the lower resolution model. We have also developed a fast collision detection and handling scheme
based on dynamically transformed bounding volumes. All the components in our algorithm can be efficiently im-
plemented on programmable graphics hardware to achieve an overall real-time performance on high-resolution cloth

models.

3.1 Introduction

Achieving interactive performance in cloth animation has significant implications in computer games, online fashion
shows and other interactive graphics applications. Indeed, much progress has been made to achieve a reasonable
quality in real time. Nevertheless, it is still much desired to have real-time high-quality results that better preserve
dynamic folds and wrinkles.

It is challenging to achieve this goal for the following reasons. First, physically based cloth simulation involves
two expensive steps, PDE integration and collision handling. Even the latest GPUs have a hard time performing both
tasks in real time on high resolution cloth models. Second, data-driven model reduction can be potentially applied
to improve cloth simulation performance. However, unlike elastic materials and fluids, cloth primarily has secondary
motion driven by collisions against an animated body. It is not obvious how model reduction could accelerate collision
detection and handling for high resolution cloth models.

In this paper, we explore a different approach that tries to decouple the spatial dimensions from the temporal
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Figure 3.1: Cloth animations generated by our method.

dimension. The tempora dimension is in charge of dynamics and the two spatial dimensions provide a domain to
define spatially varying details, such as folds, over the cloth surface. Spatial details across a cloth surface are highly
correlated. For example, at least dozens of vertices over a high-resolution cloth need to move together in a coherent
way to createasingle fold. Thismeansit is possible to generate all the spatial details from alower dimensional space.

Based on this observation, we introduce a hybrid method for real-time cloth animation. The dynamics of a cloth
model is generated by a low-resolution physically based simulation, and the high-resolution spatial details over the
cloth surface are generated by a data-driven model from alow-dimensional space. We integrate the data-driven model
with the dynamics model to produce complete high-quality cloth animations. This integration is achieved by train-
ing additional data-driven models that accurately capture the relationship between simulated coarse deformations and
data-driven high-resolution spatial details. Such data-driven models transform simulated deformations at the lower
resolution into high-resolution cloth deformations with dynamically introduced fine details. One of the major contri-
butions of this paper is the identification and extraction of rotation invariant quantities that are well suited for training
high-quality data-driven models.

We have developed a new animation pipeline to make the af orementioned hybrid cloth animation possible. Each
time step starts with a one-step simulation of alow-resolution cloth, followed by deformation transformation and col -
lision handling, and finally ends with high-resolution cloth surface reconstruction and rendering. The most important
part is deformation transformation, which includes two nonlinear mappings that are respectively responsible for mid-
scale and fine-scale deformations in the high-resolution model. To maintain a low collision detection and handling
cost, we have devel oped a fast and effective scheme based on dynamically transformed bounding volumes. Every step
of our run-time stage has been carefully designed to fully utilize the parallel processing power of modern GPUs. Asa

result, we achieve hundreds of frames per second when generating a high quality cloth animation from a synchronous
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coarse simulation.

3.2 Reated Work

Data Driven Deformation. Skeleton subspace deformations (SSD) attach a skin to bones and each vertex of the
skin is deformed according to a weighted sum of nearby bone transformations. It has been generalized in a number of
techniques [49, 20, 32, 6] to prevent potential artifacts. Meanwhile, fully automatic techniques have been devel oped
to compute proxy bones and their influence weights from existing mesh animations|[7].

Data-driven approaches have been able to produce redlistic and detailed results. Allen et al. [50] interpolate
scanned model swith various posesto generate animations of skin deformation. Anguelov et al. [51] built adata-driven
model of both the shape and deformation of full body surfaces to generate novel subjects animated with novel motion.
Park and Hodgins [9] performed motion capture of skin deformation with a large number of markers. High quality
skin deformations are reconstructed via a second-order skinning scheme followed by interpolation of the residual
errors. Marker-based techniques for facial motion capture and synthesis have been reported in [52, 53]. Detailed
facial geometry, such aswrinkles, can be successfully synthesized from local deformation. Feng et al. [54] introduced
an example-based regression model for static surface deformation driven by sparse control points. This paper uses
the same regression method asin [54] but in a different context for medium to fine-scal e cloth motion transformation.
More importantly, unlike [54], this paper relies on carefully designed rotation invariant quantities to achieve superior
regression results rather than performing regression on global transformations. Moreover, the work in [Feng et a.
2008] only deals with mid-scale bone transformations. Thus it cannot produce detailed wrinkles without an excessive
number of bones.

Producing high-quality dynamic data either via simulation or from a motion capture setup is a costly and time-
consuming process. Much research has been performed to obtain dynamical models from existing data. This is
typically achieved using dimension reduction and model fitting techniques [55, 56]. Barbi¢ and James [55] derive
a reduced dynamical model from an original one by applying dimension reduction to the state vectors while Park
and Hodgins [56] adopt an empirical dynamical model for reduced dimensions and solve its parameters by fitting the

model to motion capture data.

Interactive Cloth Simulation. Extensive research has been performed on cloth simulation [57, 58, 59, 60]. Much
effort has also been devoted to making cloth simulation reach interactive performance. A common approach to faster
cloth simulation replaceslarge in-planeforceswith constraints[61, 4, 60] and iteratively solve the system of governing
equations. Physics-based geoemtric subdivision methods are applied in [62] and [63] to produce additional foldsin

a coarse cloth mesh. These methods can generate more interesting high resolution cloth than applying traditional
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geometric subdivision. However, it is hard to produce many wrinkles within one coarse triangle as the subdivision is
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Figure 3.2: The workflow of our method.

driven by minimizing membrane energy or enforcing the edge length constraint.

Cordier et al. [64, 65] developed real-time techniques for animating clothes dressed on virtual characters. Their
data-driven technique uses pre-simulated cloth animations as examples to correct the simulation run in real time on
a much coarsened cloth mesh. Vertex positions or local cloth details are interpolated from the examples with the
closest neighborhood configurations. In comparison, our technique does not need to look up closest neighborhoods.
It is based on an advanced kernel regression method that takes a global configuration of the coarse cloth as the inpuit.
Results from our method have better visual quality. Stumpp et al. [66] proposed a shape-matching cloth model which
can plausibly reproduce folds and wrinkles from a physically based simulation. A GPU-based implementation of a
finite element method [67] has also been reported in [68]. An interactive performance up to 30fpson a cloth with 10K

vertices has been reported using these techniques.

3.3 Overview

We introduce a data-driven framework for transforming low-resolution cloth simulations into higher resolution cloth

animationsinreal time. Unlike deformation transfer [69] and motion retargetting [ 70] where the source animation has
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asufficient quality and the goal isto integrate the source animation with a new hosting model, the source animationin
our framework may have alow quality and our goal isto transformit to a higher-quality one. Thisis made possible by
including high-quality high-resolution cloth deformations as part of the training data. The workflow in our method,

including both a preprocessing stage and a run-time stage, is summarized in Figure 3.2.

Preprocessing Stage The input to the preprocessing stage is a set of n triplets, {(A?, H?, D*)}* ,, where A’ isa
skinned character model, H? is a deformed high-resolution cloth mode! for the character, and D ¢ is a corresponding
deformed low-resolution cloth model. In this paper, these three types of modelsare all represented as triangle meshes,
and meshes with the same type but a differing superscript share the same topology. Our goal is to train nonlinear
mappings that can approximately transform every D¢ to its corresponding H ¢. Note that the underlying mechanisms
for generating D and H* may be different. For example, one could choose a fast low-quality simulator to generate
D?, and a slower, more expensive simul ator to generate H °.

We represent the deformation in the high-resolution model H ¢ at two different scales, amid scale and afine scale.
Mid-scale deformations treat the cloth surface as a set of local patches smoothly joined together. Internal variations
of the patches, such as small folds and wrinkles, are modeled as fine-scale deformations. Mid-scale deformations
are represented using a skinning model while fine scale deformations are represented as residual vectors at individual
vertices. We perform regressions to obtain two separate mappings for these two types of deformations. These two
mapppings are collectively called adeformation transformer. Our training procedure for the mappingsis independent
of the simulation technique chosen for the low-resolution model.

To accelerate collision handling at the run time, we also preprocess the cloth and character model pairs (H ¢, A*)

and build a two-level bounding volume structure for collision detection.

Run-Time Stage During the run-time stage, a coarse cloth model is simulated in real time. At every frame, local
surface properties of the deformed coarse model are used as the input to the trained nonlinear mappings. Once mid-
scale and fine-scale deformations have been generated from the mappings, we perform collision detection against the
character model and further update the cloth deformation to resolve the collisions. The final deformation is used to
reconstruct a high-resolution cloth surface for the current frame. Every step of our run-time process has been designed

to fully utilize the parallel processing power of modern GPUs.

3.4 Cloth Deformation Transformation

Since a cloth is a highly deformable surface, the deformation transformer needs to be carefully designed to capture

its intricate movements and folds. Moreover, a cloth can easily have multiple collisions with the animated character.
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How to resolve these collisions efficiently also affects our choice of representing cloth deformations.

3.4.1 Mid-Scale Deformations

A physically based cloth simulation usually needs to model a cloth using thousands of verticesto generate interesting
animations. However, once fine-scal e detail s have been removed, the remaining cloth deformation becomes more spa-
tially coherent within local regions. Therefore, we can choose to represent mid-scale cloth deformations using linear
blend skinning with a set of proxy bones[7] each of which represents alocal region. Note that these proxy bones are
solely used for cloth deformation and are independent of the character’s skeleton. Because cloth is mostly inextensible
and its deformation is mostly local bending, the deformation of proxy bonesis restricted to rigid transformations with
no scaling.

We need to decide next which quantity regression should be performed on. Although it is tempting to perform
regression directly on global bone transformations, there exist several drawbacks. First, aglobal transformationis not
rotation invariant. The trained mapping needs to produce distinct results for rotated versions of the same deformation,
which makesthe training stage much harder. Second, the dynamic range of absolute rotation and translation of a proxy
bone could be very large, which makesit hard for our mapping to accurately predict them. Finally, any inaccuracies
in the mapped global transformations directly affect the resulting cloth geometry, leading to obvious visual artifacts.
To resolve these issues, we observe that although the low-resolution cloth simulation does not produce high-quality
deformations, it does provide us with a simple overall shape of the deformed cloth. Therefore, we choose to use the
cloth geometry in the low-resolution simulation to obtain a first-order approximation of every bone transformation
in the high-resolution cloth, and then perform nonlinear regression to estimate the residua transformation of this
first-order approximation.

Given n example deformations of the high-resolution cloth mesh, {H *}7_,, we partition the mesh model into a

set of m local patches Py, k = 1..m, using aface clustering algorithm similar to hierarchica clusteringin [6] (Figure

Figure 3.3: Proxy bones are used to model mid-scale cloth deformations. (Left) Bone clusters visualized on a rest-
pose cloth model. (Right) Same bone clusters shown on a deformed cloth model. Note that cluster boundariesroughly
follow cloth folds.
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3.3). We set each patch P, as a proxy bone and extract its corresponding rotation, R ¢, from the deformed model
H*. This rotation is defined with respect to the corresponding patch in the rest-pose high-resolution mesh. We also
extract arotation G¢ for each triangle £, in the deformed coarse mesh D. G! is defined with respect to the triangle
corresponding to f; in the rest-pose coarse mesh.

The first-order approximation of Rj, isformulatedas T, = )~ wf G}, where w;’s are linear blending coefficients
for patch P, and can be obtained by minimizing the following |east-squares objective function, >°", || >, wfG} —
Ri||?. Since T} is not necessarily a rotation, we apply the polar decomposition to extract the rotation matrix R
from T}. The residual transformation R} is the difference between R and R:, defined as R., = (R.) 'Ri. It
is advantageous to perform a regression on R, than R}, because it is local, rotation invariant, and encodes intrinsic
differences between coarse and high resolution cloth deformations. In practice, we use the exponential form of a
rotation and perform regression on the logarithm of R:, which becomes the axis-angle representation of a rotation.
This is because the axis-angle representation is less ambiguous than a quaternion and also achieves more accurate
regression results. We demonstrate the benefit of performing regression on residual transformations in Figure 3.4.
A mapping directly trained on global transformations tends to produce highly distorted deformations because of the
ambiguity and a large fitting error. Note that the regression performed in [Feng et a. 2008] also predicts global
transformations. Therefore it would suffer from the same type of difficulties.

Since we have chosen to use rotation-invariant quantities from the high-resolution model, we need to use rotation-
invariant properties of the coarse cloth aswell during regression. There are afew possible choices avail able, including
linear rotation invariant coordinates (LRI) [71] and local connection maps [72]. In our system, we choose dihedral
angles between adjacent triangle pairs because it is both compact and rotation invariant. Using all dihedral anglesfrom
each example can capture static deformations, but may still miss the dynamic aspect of a cloth simulation. Therefore

we use the complete set of dihedral angles, ®, and their velocity, ©, during regression.

Global Rotation Invariant

Figure 3.4: A comparison of cloth deformationsusing global and rotation invariant bone transformations as regression
targets. Global bone transformationsare more difficult to generalize in the training stage and produce obvious artifacts
in the resulting cloth deformations.
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(A) (B) ©

Figure 3.5: Steps of our mid-scale deformationtransformation. Start with a coarse cloth deformationin (A), we extract
arotation from each coarse triangle. An intermediate first-order approximation of the rotations in the high-resolution
cloth using these rotations of the coarsetrianglesis shownin (B). Theresidual transformationsare then predicted from
our regression model, and are combined with the rotations from the first-order approximation to produce mid-scale
surface deformationsin (C).

We seek a mapping ¢x(©,©) — wy, for each Py, where wy, is the three-dimensional axis-angle form of the
residual rotation of Pj,. The regression method we use to train the mapping is similar to the one in [54]. Since the
mapping is likely to be nonlinear, to adequately account for the nonlinearity while avoiding overfitting, we perform
nonlinear dimension reduction on (©, ©) by applying kernel canonical correlation analysis[31] between (©, ©) and
wy. Since our regression target is the residual rotation with an axis-angle representation, which is a 3D vector, the
reduced dimension is set to three. This dimension reduction is followed by a linear regression between w ;, and the
reduced coordinates for (O, @). At run time, given a novel coarse cloth mesh, our mapping predicts the residual
rotation R}, and combinesthat with R}, to reconstruct R, (Figure 3.5). Since Ry, isaloca rotation, it does not have a
bone tranglation necessary for high-resolution cloth surface reconstruction. We compute bone transl ations by solving

a coarse-grain Poisson equationin real timeasin [54].

3.4.2 Fine-Scale Defor mations

Detailed folds and wrinkles are difficult to model with proxy bone transformations since they are high-frequency
features that may change rapidly even within alocal patch. Increasing the number of proxy bones may alleviate this
problem, but using too many proxy bones would affect the overall performance and defeat our original purpose for
real-time applications. Thus we revise the eigenskin method [73] to represent these high-frequency details, and then
train a second mapping for predicting such details. The original eigenskin technique was proposed to model details
in articulated skin deformation that cannot be captured by proxy bones. It partitions a mesh into a set of influence

regions associated with joints and performs dimension reduction on their residue offsets. However, in our problem,
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these influence regions are not well-defined since a cloth model has its own dynamics and is not tightly coupled to
jointsin the articulated character.

To adapt the eigenskin technique to solve our problem, we need to define suitable criteria for partitioning the
cloth surface into local regions. We notice that although cloth wrinkles tend to be quite complicated, wrinkle offsets
at individual vertices are usually correlated with each other. That is, offset patterns at one vertex may give rise to
similar offset patterns at some other vertices. Therefore our goal isto identify regionsthat have coherent vertex offsets
throughout the training examples. We propose a clustering scheme based on both hierarchical clustering and clustered
principal component analysis (CPCA) [24] to find the coherent regions.

Given n deformed high-resolution cloth meshes, { H “}%*_, , astraining examples, we represent the fine-scale defor-
mation at vertex v; on mesh H* as a 3D displacement vector u; on the rest-pose mesh. Let the original and skinned
position of v; on mesh H* be v} and v}, respectively. According to linear blend skinning, o = >, wl 1v§ where
v} is the rest-pose position of v;, Mj, is the transformation of bone P;, a mesh H", and w represents the influence
weight of bone P, on vertex v;. Thus, ul = (32, w], M)~ 'vi — 2. The set of displacement vectors at the same
vertex but across all n training examples, {u§- »_,, are concatenated to form a 3n-dimensional per-vertex residual
vector. Thisresidual vector represents per-vertex displacement vectors across all training examples instead of across
different vertices.

At the beginning, our clustering algorithm sets up a face cluster I ; for each triangle f,. It performs hierarchical
merging on these clusters afterwards. A PCA basisis computed for al the per-vertex residual vectorswithin a cluster.

The error induced by merging cluster I';, to I';, is defined as
DD Mg =gl
v gjely,

where ﬁ; is the approximation of per-vertex displacement u; by the PCA basis of cluster I';, . This error metric tends
to merge clusters with similar per-vertex displacements across al training examples. We greedily merge the cluster

pair with the lowest merging error. Whenever two clusters are merged, the PCA basis is recomputed from all the

Without Clustering With Clustering
Figure 3.6: A comparison of cloth deformationswith and without face clustering in the modified el genskin technique.
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Mid-Scale Only Mid+Fine Scale

Figure 3.7: A comparison of deformation transformation results with and without fine-scale deformations. Mid-scale
results produce a rel atively smooth cloth surface while more interesting folds are generated by fine-scale deformation
transformation.

per-vertex residual vectorsin the merged cluster. This processis repeated until a desired number of clusters has been
reached. Each of the final clusters represents aregion with similar per-vertex residual vectors.

Now let us define a per-example residual vector, T, for afinal cluster I'; on mesh H* by concatenating all 3D
per-vertex displacement vectors in {u;l}jepl. The per-example residual vector is 3m-dimensiona if cluster I'; has
m vertices. A PCA basisis also computed for al the per-example residual vectors corresponding to the same final
cluster. For example, thereisaPCA basis for the set of residual vectors, {Y i} ;. Thisnew PCA basis playsasimilar
role as the eigenskin basisin [ 73] and will be used for reconstructing wrinkle patternswithin a cluster from given PCA
coefficients.

With this new PCA basis for each final cluster T';, we train a second mapping, h;(©, @) — ¢, for fine-scale
deformationsin I';. Here ¢; represents the PCA coefficients of a per-example residual vector from I';. Asin the
previous section, the mapping is also trained using both kernel canonical correlation analysis and linear regression.
The advantage of face clustering before regression isthat we can obtain local mappingsfor the fine-scale detailswithin
each region, instead of a global mapping for details over the entire surface. As shown in Figure 3.6, aglobal mapping
may miss certain fine-scale details, while a set of local mappings produce deeper folds and wrinkles. Note that the
total size of PCA basis vectors are identical between aglobal PCA and a clustered PCA.

At run time, the residual vector within every cluster is reconstructed from predicted PCA coefficients to produce
detailed folds over the high-resolution cloth surface. We show the benefits of adding fine-scale deformationsin Figure
3.7. The deformation results with our eigenskin-based mapping have more detailed folds that cannot be captured by

bone transformations alone.
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3.5 Run-Timelmplementation

We carefully choose operations involved in our run-time algorithms to make sure al of them can be implemented
efficiently on programmable graphics hardware to achieve real-time performance on high-resolution cloth models.
The overall run-time stage has four steps. low-resolution cloth simulation, deformation transformation, collision
detection and resolution, and high-resolution cloth surface reconstruction. In our implementation, we use CUDA for

thefirst three steps, and GLSL for final surface reconstruction and rendering.

Coarse Cloth Simulation  We implemented the mass-spring model using Verlet integration [74] in the low-quality
coarse cloth simulation. Since an explicit integration scheme is used, the spring lengths need to be constrained to
ensure stable integration. A few iterations of Jacobi relaxation is applied in parallel to every cloth spring to enforce
such length constraints [4]. Cloth-body collision detection is performed by testing every cloth triangle against the

body mesh viatwo levels of bounding volumes as discussed in the previous section.

Deformation Transformation Once we have obtained the coarse cloth deformation, dihedral angles are extracted
from the current vertex positions. f(©, @) and g, (0, @) are used to predict residual rotations for mid-scale deforma-
tionsand PCA coefficientsfor fine-scal e offsets, respectively, in the high-resolution cloth model. This processinvolves
matrix-vector multiplicationsand kernel function eval uations, which can be implemented efficiently on the GPU. Once
we have obtained bone rotations, we need to solve a linear system (a Poisson equation) to obtain bone tranglations.
The solution matrix for the linear system can be precomputed, and thus only a matrix-vector multiplication is needed

at the run-time stage.

Collision Detection and Resolution Before testing collisions for the high-resolution cloth model, we transform in
parallel al first-level bounding volumes according to corresponding bone transformations. We test collisions between
all lozenges and their nearby body part capsules C'p, in parallel. Penetration depths are also computed in parallel for

every lozenge to update the corresponding bone translation.

High-Resolution Cloth Reconstruction Thefinal cloth surface is reconstructed via eigenskin-based offsetting and
matrix-palette skinning. Using the predicted PCA coefficients c; for per-example residual vectors, the displacement
u; for vertex v; is obtained by u; = Vj;¢;, where V; has the components associated with u ; in the PCA basis V.
We upload V; as a vertex texture in advance, and reconstruct « ; in the vertex shader before skinning. The final vertex

position v]f on the cloth surfaceis

v; = Zwi,Mk('D? + uy)
k
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Cloth [ Motion [[ #Tri [ #LowTri | Bones | #Cluster [ #RotCCA | #EigPCA | #Train | #Test | Error | fps [ Prep |

Skirt1 | Dancel || 38,502 200 330 100 3 20 120 601 | 25% | 268 | 13 min
Skirt 1 Jump 38,502 200 330 100 3 20 60 314 | 25% | 271 | 11 min
Skirt2 | Dance?2 || 25,693 180 320 80 3 20 48 224 | 24% | 280 | 8min
Dress | Dance3 || 27,402 220 350 120 3 20 124 600 18% | 261 | 15min
Dress Walk 27,402 220 350 80 3 20 47 239 16% | 266 | 10 min
TShirt | Dancel || 25,726 322 350 120 3 20 120 601 2.8% | 251 | 15min

Table 3.1: Statistics and Timing. All performance measurements were taken from a 3.0GHz Core 2 Duo processor
with a nVidia Geforce GTX275 Graphics Processor. '#Tri’ and "#Low Tri’ refer to the number of triangles in the
high and low resolution cloth models, respectively. '#Cluster’ means the number of face clusters used for Eigenskin,
"#RotCCA’ means the number of CCA basis vectors used for mid-scale bone residual transformation regression, and
"#EigPCA’' means the number of PCA basis vectors used for representing fine-scal e deformations within each cluster.
"#Train" means the number of training examples, '#Test’ means the number of testing examples, and’ Prep’ meansthe
total amount of time for all preprocessing steps. Error is computed using the average per-vertex error divided by the

radius of the bounding sphere of the cloth.

Figure 3.8: Comparisons between ground truth and final deformation results from our method. The left images show
the ground truth, and the right images shows our final deformation results.

where wi isaboneinfluenceweight at v, and 17? istherest-pose position of v;. Hereboth wi and 17? can be prel oaded
to the GPU memory via vertex buffer objects (VBO). Since cloth wrinkles are highly dynamic, we recompute vertex

normals on the fly every frame to guarantee accurate normals for wrinkle rendering.

3.6 Experimental Results

We have successfully tested our deformation transformer on different types of clothing and body movements (Figure
4.1). For each clothing, we directly constructed the low-resolution model using Maya, and then produced the high-
resolution cloth via mesh subdivision. It should be feasible to generate the low-resolution cloth by simplifying a
given high-resolution mesh as well. We then use Poser, a commercial software package for 3D character animation,
to generate skinned character animations and their associated high resolution cloth simulations as training data. The
cloth simulator in Poser is capable of simulating different types of cloth materials with different settings of simulation
parameters such as cloth density, folding resistance, damping, etc. We utilize these features to produce high quality

cloth animations as our training examples. For each type of high-resolution clothing, we also generate a corresponding
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Most Responsive L ess Responsive Most Damped

Figure 3.9: Deformation transformation results with distinct styles. Three high-resolution cloth simulations with
different material properties are used as training examples. All of them are trained with the same coarse cloth simu-
lation. Our method can adapt to different cloth material propertiesin the training examples and produce distinct cloth
animation styles.

low-resolution cloth animation, which only needs to have roughly the same overall shape. We follow the method in
[4, 74] to produce low-resol ution cloth animations. The same method is applied when performing low-resolution cloth
simulation on the GPU to ensure a low simulation overhead in our run-time cloth animation pipeline. The number
of triangles in a coarse cloth model is typically between 200 to 300 triangles. We found this resolution sufficient to
capture a rough shape of the high-resolution cloth without much performance penalty during runtime simulation.

For each animation sequence, we select the training examples automatically by performing K-Mean clustering on
the dihedral angles ® of low-resolution cloth. From each cluster, the pose closest to the cluster center isthen selected
as the training example. Comparing to random selection, selecting the examples by clustering helps finding the more
representative cloth deformationsin the animation.

Training data from a high-resolution cloth simulation generated by Poser needs to be preprocessed and converted
to our mid-scale and fine-scal e deformation representations. In our experiments, we found that 300 to 400 proxy bones
were suitable for capturing important mid-scale deformations in the training examples; and fine-scale details could
be captured by 80 to 120 CPCA clusters with 20 basis vectors per cluster in our modified eigenskin technique (Table
5.1). Inal our experiments, we applied the 3rd degree inhomogeneous polynomial kernel for CCA-based regression.

Our runtime stage includes both coarse cloth simulation and deformation transformation. Our runtime algorithm
can achieve more than 250 frames per second on an nVidia Geforce GTX 275 GPU when generating high quality cloth
animations with a resolution between 25,000 and 38,000 triangles, as shown in Table 5.1. As can be seen, the number
of triangles in our high-resolution cloth models is more than 100 times the number of triangles in our coarse cloth

models.
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Our trained transformer can produce high quality cloth deformationsfrom acoarse cloth simulation. A comparison
between novel cloth deformationsfrom our transformer and the ground truth are shown in Figure 3.8. Our transformed
cloth deformations are not only visually appealing, but also numerically accurate, as shown in the ”Error” columnin
Table 5.1. Our method is also capable of adapting to training examples with different cloth material properties. As
shown in Figure 3.9, three different sets of training examples are simulated with different parameter settings to show
varying responsiveness and wrinkles. The transformers trained using these different sets of examples are capable of
capturing intrinsic material properties from the training data and produce cloth deformations with the corresponding
material properties.

We have also compared our results with a direct simulation of high resolution cloth on the GPU using our CUDA
implementation of the method in [4], which is similar to the method implemented in NVIDIA PhysX. The perfor-
mance of direct simulation is about 80 FPS for the cloth model with 38K triangles. We found the major performance
bottleneck was its iterative scheme for limiting spring length. While it takes only a few iterations for a coarse cloth,
it may take many more iterations to generate acceptable results for a higher resolution cloth. As shown in 3.10, the
simulated cloth still appears stretchy after 40 iterations, but its performance has already dropped to 60 FPS. Increasing
the number of iterations could improve the simulation results, but would also further affect the overall performance.

On the other hand, our hybrid method produces more inextensible cloth deformations with less computational cost.

Explicit Strain Limiting Our Method

Figure 3.10: A comparison between cloth animations generated from our method and the method in [4], where explicit
integration with iterative strain limiting is used to produce nonstretchy cloth. Compared with explicit integration with
strain limiting, our method can produce more inextensible cloth deformations similar to the training examples.
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3.7 Conclusions and Discussion

We have introduced a hybrid method for real-time cloth animation. It relies on data-driven models to capture the
relationship between cloth deformations at two resolutions. Such data-driven models are responsible for transforming
low-quality simulated deformations at the low resolution into high-resolution cloth deformations with dynamically
introduced fine details. Our data-driven transformation is trained using rotation invariant quantities extracted from
the cloth models, and is independent of the simulation technique chosen for the lower resolution model. Our method
achieves hundreds of frames per second when generating a high quality cloth animation from a synchronous coarse

simulation.

Limitations Like other data-driven methods, our proposed method requires a preprocessing stage where a data-
driven model istrained. In addition, once deformationsfrom a coarse simulation fall outside the deformation subspace
defined by the training examples, numerical accuracy cannot be guaranteed. Nevertheless, we found experimentally
that reasonable visual results could still be generated in such circumstances. Another limitation of our current method
is that cloth self-intersections are not handled. We would like to add this capability in future using a spatial partition
scheme, such as a uniform voxel grid. When two nonadjacent proxy bones on the cloth intersect with the same voxel,
a potential self-intersection occurs and can be resolved by pulling the bones along their negative normal directions.

Such a self-intersection resol ution scheme is not expected to consume many GPU cycles.
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Chapter 4

Triangular Geometry | mages for
L evel-of-Detail Control of Skinned Mesh

Geometry images resample meshes to represent them as texture for efficient GPU processing by forcing a regular
parameterization that often incurs a large amount of distortion. Previous approaches broke the geometry image into
multiplerectangular or irregular chartsto reduce distortion, but complicated the automatic level of detail one getsfrom
MIP-maps of the geometry image.

We introduce triangular-chart geometry images and show this new approach better supports the GPU-side repre-
sentation and display of skinned dynamic meshes, with support for feature preservation, bounding volumes and view-
dependent level of detail. Triangular charts pack efficiently, simplify the elimination of T-junctions, arise naturally
from an edge-collapse simplification base mesh, and layout more flexibly to allow their edges to follow curvilinear
mesh features. To support the construction and application of triangular-chart geometry images, this paper intro-
duces anew spectral clustering method for feature detection, and new methods for incorporating skinning weights and
skinned bounding boxes into the representation. This results in aten-fold improvement in fidelity when compared to

guad-chart geometry images.

4.1 Introduction

Traditional view-dependent LOD representations based on mesh simplification [12, 13, 14] rely on random-access
mesh traversal with poor cache coherence. Geometry images [15] support efficient LOD display [16, 17, 18] by
storing the mesh as a M P-mapped texture image with better GPU cache coherence, but flattening a mesh into asingle
geometry image can create severe parametric distortion. Multi-chart geometry images [75] improve this distortion
with feature sensitive clustering, but its irregular chart boundaries complicated coarser levels of LOD downsampling.
Rectangle-chart geometry images [1, 76, 77] pack and down-sample better, but their rectangular shape constraint
creates charts that cross prominent mesh feature lines and obfuscate these features at coarser levels of detail.
Triangle-chart geometry images offer a single solution that combines the cache coherence of geometry images,
the lower distortion of multiple charts, the straightforward downsampling of a simple chart shape, and a feature

preserving layout. The triangle’s barycentric coordinates uniformly sample each chart, and provide multiple levels

42



Figure 4.1: Our method builds triangular geometry images for feature-preserving LOD representation of both static
and skinned meshes. It obtainsabase complex and triangular patches from an original mesh using mesh simplification.
The packed triangular geometry images are shown in the bottom.

of downsampling when the initial number of samples along the triangle edges is a power of two. Triangle charts
benefit from a more flexible simplicial layout that, when compared to rectangle charts, avoids T-junctions, better
supports feature-sensitive boundary alignment and packs (in pairs) just as easily and efficiently into an atlas. Our
results show that triangle chart geometry images represent meshes with about 10% of the error incurred by rectangular
chart approaches.

We support the feature preserving capabilities of triangle-chart geometry imageswith new algorithmsfor detecting
feature curves in meshes and for organizing triangle charts to lie between these curves to preserve these features
across levels of detail. We first detect features globally using a novel spectra face clustering on a mesh curvature
estimate that identifies feature curves along cluster boundariesnear local curvature maxima. A modified edge-collapse
simplification forms vertex clusters within these feature curve boundaries. Each vertex cluster is parameterized onto a
triangular domain and uniformly resampled to form atriangular geometry image.

We also augment geometry images with new support for the dynamic meshes found in modern videogames ani-
mated by linear-blend skinning deformations. In addition to the (rest-pose) vertex positions, we store vertex skinning
weights in the geometry image, and downsample both for dynamic mesh LOD. To maintain spatiotemporal features
at coarser levels of detail, we incorporate sequences of deformation transforms into the feature preservation metric
to yield a space-time metric that clusters vertices with similar frame-to-frame transformations. This approach yields
better shaped clusters and more accurate skinning than do hierarchical clustering [6] or SMA (Skinning Mesh Anima-
tions) [7]. We a so surround each skinned triangle chart with an oriented bounding box whose corners are themselves

skinned to deform with its contents. The screen size of a projected bounding box selects the optimal LOD resolution
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for each triangular chart.

In summary, we introduce 1) a new type of triangular geometry images with feature preserving capabilities, 2) a
spectral clustering method for effective curvilinear feature detection and deformation discontinuity detection, 3) GPU-
based multi-resolution geometry image rendering for static and skinned meshes. The result is a view-dependent LOD
representation for both static and skinned meshes stored and rendered entirely on the GPU to maximize throughput. It
enabl es the convenience of geometry imagesto serve as a high-performance choice for representing characters, objects

and scenes in games and virtual environments.

4.2 Related Work

The original geometry-image approach [15] cut a mesh into a single contractible component, mapped it onto a rect-
angular parametric domain and imposed a regular mesh sampling, often with high distortion. Multi-chart geometry
images with irregular [75] or later rectangular [1, 76] boundaries reduced distortion by decomposing the input mesh
into multiple pieces each individually parameterized and resampled. (Alternatively, [77] improved fidelity by sub-
dividing a geometry image after parameterization into square charts sampled at different rates.) The construction of
charts can utilize any of a number of mesh decomposition or clustering algorithms[78, 79, 80, 81, 82, 83], but they
produce either rectangular or irregularly shaped charts. Mutiresolution analysis on triangle mesh [84] can be applied
hereto generate triangular charts. However, it is not straightforward to integrate our feature preserving schemeinto its
chart generation method. MAPS[8] constructed and parameterized a base domain of triangular charts, which servesas
aworking parameterization for our construction of feature-sensitive well-shaped triangle charts for geometry images,
as described in Section 4.5.

Mesh Colors [85] uses barycentric coordinates to regularly sample textures over every triangle in an input mesh,
packing the texture signal into a 1-D texture stream. Their approach focuses on atlas-free storage of a color texture
whereas we focus on a geometric representation for view-dependent LOD whose atlas derives from a simplified base
domain.

Severa static mesh segmentation algorithms align cluster boundaries with feature lines [79, 86, 87]. They use
curvature estimates to detect fragmented features, and connect these fragments into feature lines, but this gap filling
can be ambiguous and sensitive to noise. Spectral clustering overcomes this sensitivity with a globa approach to
mesh segmentation [88, 80]. We improvethis approach with new metrics that better detect crest lines and sharp points
by processing the dual mesh in Section 4.4.2. We remove partial cluster boundaries that do not lie closely to local
curvature maximawhereas other similar approaches handle these regions with flexible “fuzzy” boundaries[89].

Clustering and simplification for deforming meshes has been less explored. The quadric error metric [19] can be



extended [20, 21] for simplification of a mesh with multiple deformed poses into a pose-independent simplified mesh.
Hierarchical face clustering has been performed in [22] to achieve pose-dependent simplification with higher visual
quality for precomputed mesh deformation sequences. Hierarchical clustering [6] and a mean shift algorithm [7] can
both yield pose-independent face clusters for deforming meshes, but Section 4.4.3 shows that our spectral clustering
better localizes deformation discontinuities and preserves spatial coherence. To our knowledge, there is no previous
work dealing with level-of-detail representation and control for skinned meshes and this paper is the first piece of
work that applies multiresolution geometry images to skinned meshes.

Rendering throughput in modern GPUs implies that it is more important to optimally feed the graphics pipeline
than fine-grain LOD adaptivity. Recent simplification-based LOD models focus on coarse-grained mesh resolution
changes to minimize CPU usage and maximize GPU triangle throughput [90, 91, 92]. Our triangle-chart geometry
image representation aligns well with this motivation and can maximize the GPU throughput of LOD models. Firgt, it
implicitly encodes vertex connectivity, avoiding the need to find and convert tri-strips. Second, the regular sampling
of triangle-chart geometry images simplifies the stitching of neighboring patches differing by multiple levels of detail,
whereas others allow only a single level difference, e.g. [91]. Third, it combines geometry and texture into a single

multiresol ution representation, avoiding the wasted storage of texture coordinates for every chart in video memory.

4.3 Overview

Our method produces triangular patches for an input mesh with patch boundaries following important geometric
features on the mesh. These patches are converted to geometry images and used for dynamic level-of-detail rendering.

The overall pipelines of our method for the preprocessing and runtime stages are summarized in Figure 4.2.

Preprocessing Thefirst part of preprocessing extracts coherent curvilinear features on the mesh. For static meshes,
curvilinear features in high curvature areas are detected. For skinned meshes, deformation discontinuities are also
detected as additional features. These curvilinear features serve as constraintsin alater stage where triangular patches
are formed. Feature detection starts with spectral clustering [88, 80] using a similarity matrix based on curvature or
deformation gradients. The boundary of these clusters serve asfeature candidates. A subset of these feature candidates
areretained as detected features. Sincetheseinitial featurestend to bejagged, we further apply the graph-cut algorithm
to refine the retained features.

The second part of preprocessing generates triangular patches for the input mesh. We perform extreme simplifi-
cation to the input mesh to obtain a base complex with a very small number of triangles each of which serves as the
parametric domain of a triangular region over the input mesh. Thus the complete base complex serves as a global

parametric domain for the entire input mesh. Curvilinear features detected from the previous stage are used as con-
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Figure 4.2: The pipelines of our method in the preprocessing and runtime stages.

straints in the simplification process. During mesh simplification, we apply MAPS [8] to figure out which trianglein
the simplified mesh should be used as the parametric domain of a vertex in the input mesh as well as the barycentric
coordinates of this vertex. Triangular patches on the input mesh can be obtained by mapping the edges of the base
complex onto the input mesh. The obtained triangular patches on the input mesh are then sampled and packed into
triangular geometry images. A mip-map hierarchy for each geometry image is also built to represent different levels

of details.

Run-Time LOD Rendering At run time, a suitable level of detail is determined on the fly for each patch based
on its screen projected area. An oriented bounding box (OBB) associated with each patch is used to approximate
the projected area. To adapt our LOD calculation to skinned meshes, we need to dynamically estimate the screen
projected area of the bounding box of each skinned patch. This is achieved by applying skinning to the bounding

boxes as well and computing a set of bone influence weights for every corner of the OBBs. Once the suitable detail
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levels are obtained, we render each patch at its corresponding level of detail on the GPU using its geometry image. To
avoid cracks along patch boundaries, we apply automatic stitching on the GPU along boundaries of adjacent patches

with different geometry image resolutions.

Notation Wedefinea3D mesh M = (V, E, F') asaset of 3D positionsV = {v; = (x4, v, 2:) }, mesh edges E (a
set of vertex pairs), and triangle faces F' (a set of vertex triples). To perform spectral face clustering and face-oriented
graph-cut, we aso define the dual graph G = (F, D) of a mesh M, where F is the set nodes in the dual, one for
each facein M, and D is the set of graph edges, each denoted by a pair of face nodes (f, f;) from F. Note that an
edge in the dual graph can connect pairs of faces that are not adjacent to each other in the mesh. A path P = (v ;, v;)
is defined as a set of connected mesh edges £/, C E that connects v; and v;. Given a skinned mesh with n, bones
and n,, frames of animation, we denote the set of bone transformations T ¥ and a set of skinning weights w?, where
1<b<n,l <k<mn,l<i<|V]and Z;};l w? = 1 for each vertex. The skinned position of v; at frame &

becomes v = Y, (w? Ty )v;.

4.4 Curvilinear Feature Detection

We would like to preserve perceptually salient corner and curvilinear features during multiresolution resampling of
the original mesh by aligning chart boundaries with such features. We explicitly detect a sparse set of salient corner
and curvilinear features before chart generation. A common approach to feature line detection would apply local
criteria first to detect fragmented feature points, followed by a gap-filling step to connect them. Since local feature
detection is noisy, feature connection can be ambiguous and error-prone. In addition, in this process, salient feature
lines do not necessarily have ahigher priority to be discovered. Inthis section, wetake atop-down approach instead by
performing global spectral clustering with a new metric which takes into account local feature measurements. Salient
featurelines are discovered as partial boundaries of the resulting triangle clusters. Our approach works very well with
both static and deforming meshes. The reason that we use spectral clustering only for feature detection but not for

chart generation isthat it givesrise to irregularly shaped clusters not suited for triangular geometry images.

4.4.1 Spectral Clustering

Let G = (U, E) be aweighted graph, where the set of nodes, &/ = {u1,us,...,un}. Anedge, (u;,u;) € &, hasa
weight w(u;, u;) defined by the similarity between the location and attributes of the two nodes defining the edge. The

ideaisto partition the nodesinto two subsets, .4 and B3, such that the following disassociation measure, the normalized
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(d)
Figure 4.3: The overall process of our feature extraction method. Given a mesh in (@), we first robustly estimate its
per-vertex curvatures, as shown in (b). The initia crest linesin (c) are noisy and disconnected. Spectral clustering
is applied on the mesh based on curvature similarity to extract a set of clusters shown in (d). We only keep cluster
boundaries with high curvature and refine them using a graph-cut algorithm to obtain the final feature linesin (). A
sparse set of corner points are also detected in high curvature regions as shown in (f).

cut, is minimized,

cut(A,B)  cut(A,B) (4.1)

Neut(4,B) = cut(A,U)  cut(B,U)

where cut(X,Y) = > c v ey w(s, t) isthetotal connection from nodesin X' to nodesin ).
To compute the optimal partition based on the above measure is NP-hard. However, it has been shown [93]
that an approximate solution may be obtained by thresholding the eigenvector corresponding to the second smallest

eigenvalue of the normalized Laplacian £, which is defined as

L=D'?D-W)D'/2=1-D?WD /2 (4.2)

where D isadiagonal matrix with D (i, i) = >, w(u;, u;), and W isthe weight matrix with W (¢, j) = w(u;, u;).
Extensions to multiple groups may be realized through the use of multiple eigenvectors[88]. Let usfirst take the

N, largest eigenvalues, A1, ..., \y,, of D~1/2WD~1/2 and their associated eigenvectors, e, ..., ey,. Let M, be

48



Before After

Figure 4.4: The original feature lines from spectral clustering appear jaggy and may not align well with real features
on the mesh. After applying the graph-cut algorithm, the refined feature lines become smoother and better localized.

amatrix with its i-th column set to e, /+/A;. The rows of M, define an embedding of the origina graph nodes into
the N.-dimensiona space. The underlying intuition is that pairwise distance in this N .-dimensional space reflects
the pariwise similarity defined by W. Thus, partitioning the original graph nodes into multiple groups according to
their pairwise similarity may be accomplished by running the K-means algorithm in this embedding space, which
is referred to as spectral clustering. The Nystrom method was applied in [88] to process large datasets with sparse

sampling.

4.4.2 High Curvature Feature Extraction

We extract both feature lines and feature points using the process diagrammed in Figure 4.3.

Curvilinear Feature Detection ~ For static meshes, we measure features with local curvature estimates [94]. A
set of fragmented crestline segments are then obtained by finding local extremaof curvatures[95]. Whileit istempting
to directly use these crest lines as our feature lines, they are too noisy to represent large scale features. Instead we
take these crest line segments into consideration when constructing the similarity matrix 1 for spectral clustering.
Specifically, given adua graph G = (F, D) with n; faces and n, edges, we define a new metric for the similarity
term w(, j) in W over each edge d = (f;, f;) as

w(i,j) = Bexp <—w) exp <—M> 4.3

K Od

where 3 is a scaling factor to emphasize the existence of crest line segments between two faces (3 = 0.1 if there
is acrest line between f;, f; and 8 = 1.0 otherwise), «; indicates the estimated mean curvature at f; and o, is the
standard deviation of the absolute mean curvatures among all faces, dist(f;, f;) is the geodesic distance between f;
and f; measured as the total length of the dual edges, and o 4 is the standard deviation of pairwise geodesic distance
between faces. Since spectral clustering can be applied on a general graph without a valid mesh structure, we also

add additional graph connectionsin the dual graph for nearby non-adjacent faces according to their pairwise distances
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Curvature VSA Our Method

Figure 4.5: Illustration of the difference between our spectral clustering and variational shape approximation (VSA)
[5]. Thetesting model has a high curvature feature, a narrow ridge, on the plane. VSA chooses to better approximate
the overall shape by dividing the hemisphere into two clusters. Our method is better at feature detection and chooses
to align acluster boundary with the ridge.

dist(f;, f;) defined above. Thus we increase the valence of each dual node to improve the results from spectral
clustering. This similarity matrix for spectral clustering favors clusters with boundaries along crest line segments or
high curvature regions on the mesh.

Other mesh clustering schemes, such as the one presented in Variational Shape Approximation (VSA) [5], can
also be used for detecting high curvature features. V SA locally growstriangle clusters according to normal variations.
It focuses on approximating the shape of the original mesh with flat regions, while our spectral clustering method
focuses on detecting high curvature features on the mesh. The model shown in Figure 4.5 is used to demonstrate the
difference between the two methods. This model has a narrow ridge on the plane, which should be regarded as a
curvilinear feature. The two methods make different choices according to their clustering criteria. VSA chooses to
better approximate the overall shape by dividing the hemisphereinto two clusters, while our method chooses to align
a cluster boundary with the ridge. In terms of shape approximation, VSA produces better results. However, spectra
clustering is preferred in this paper because we would like to detect salient curvilinear features.

Once we have spectral clustering results, as shown in Figure 4.3(d), the cluster boundaries serve as initial candi-
dates of curvilinear features. Although these boundaries roughly follow high curvature features, some of them might
be jagged while others may not align precisely with local curvature maxima. Thus further improvement is necessary
to identify accurately localized features. We refine initial cluster boundaries by applying a graph minimum s-t cut
[89] with different edge weights. We thicken each initial boundary to a boundary region and form a dual graph GG
using faces within the region as nodes. The actual size of this boundary region could affect the results of refined
boundaries. If the sizeistoo large, the new boundary could deviate to some high curvature regions far away from the
current boundary. On the other hand, if the sizeis too small, there will be little room for graph cut refinement. In our
experiment, we found that setting the boundary region to cover 10% of the triangles closest to the cluster boundary

works well for al our examples. The weights on graph edges are computed using a combination of edge length and
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absolute mean curvature. Specifically, we define the edge weight ¢ (¢, j) between graph nodes £, f; as:

olid) = Blegexp (=100 (@)

K

where e;; is the edge shared by f; and f; in the original mesh and 3, « are defined similarly as in (4.3). As aresult,
we favor the shortest path that passes through high curvature regions. Thislocal refinement makes cluster boundaries
smoother and better aligned with local curvature maxima, as shown in Figure 4.4.

After refinement, we break cluster boundaries into non-branching segments by finding junctions with more than
two incident boundaries. Since cluster boundaries are closed curves, some boundary segments may not lie near
features, serving only to close the loop. We discard such segments by checking whether the average magnitude of
mean curvature along a segment is smaller than a predefined threshold, which is set to the average magnitude of the
largest 30% mean curvatures at al vertices. The remaining segments become the detected curvilinear feature lines.
The setting of this threshold affects how many feature line segmentswill be used as constraintsin the chart generation
stage. If we set the curvature threshold too small, we may include unimportant boundaries as features. This would

impose unnecessary constraints on chart generation, but not necessarily affect reconstruction errors.

Corner Feature Detection In addition to curvilinear features, we al so identify a sparse set of feature points that
are important for preserving sharp corners such as horns or finger tips. As shown in Figure 4.3(f), such corner points
typically belong to high curvature regions. These points will also act as constraints in the chart generation process to
ensurethat the resulting base complex adequately coversthese feature regions. We choose corner points as the vertices
with the maximum absolute mean curvature in alocal neighborhood. The size of this neighborhood istypically set to
from 7 to 10 rings. The precise localization of these pointsis not crucia because the purpose of corner detection is
to improve sampling rate by geometry images in high curvature regions. For each detected corner point, we further
check whether its absolute mean curvature is sufficiently large and only keep the highest 10% as feature points. The
same parameter setting workswell for al our testing models and we achieve high reconstruction accuracy even when

the corners are not positioned very accurately.

4.4.3 Deformation Discontinuity I dentification

For dynamic meshes, we also detect deformation discontinuities and incorporate them as additional features for tri-
angle chart generation. Deformation discontinuities can also be viewed as potential high curvature features since,
at some frames of a deformation sequence, transformations of triangles across these places can differ significantly
and high curvature features can form along these discontinuities. Deformation discontinuities can also aid the mesh

skinning process, which needs to extract a set of proxy bones from a mesh deformation sequence[7].
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Figure 4.6: Triangle clusters and their boundaries resulted from our new metric for spectral clustering using deforma-
tion gradients from the BALLET mesh animation.

In this section, we introduce a novel metric for detecting deformation discontinuities using spectral clustering. We
start by computing the deformation gradient I'¥ [10] for each face f; at frame k, and use them in the formulation of
the similarity matrix 17/}, in spectral clustering. We define the similarity between two faces according to the similarity
of their deformation gradientsin all frames as follows,

na |7k _ Tk st(fi fs
(i) = oxp <_w> o <_M> | 45)

Ng0r 0d

where n,, isthe number of frames, and or is set to the standard deviation of deformation gradients across both spatial
and temporal domains. The cluster boundaries formed using this criterion are also saved as feature lines for chart
generation. An example of such feature lines detected as deformation discontinuities is shown in Figure 4.6. The
reason for adding the deformation discontinuity as feature lines is to make sure the resulting triangular patches do
not cross bending joints such as the elbow of a bending arm. If they were not added, the resulting geometry images
could still well represent the static mesh, but would not be sufficiently accurate at lower resolutions during a skinned
animation. Thisis because when ajoint is being bent, aflat region around thejoint in the static mesh may dynamically
become a high curvature region that demands better sampling. Note that we do not break apart the cluster boundaries
this time because subsequent proxy bone extraction requires closed regions.

Once we represent each cluster using one proxy bone, we can further compute bone transformations and bone
influence weightsin away similar to previous methods that solve least-squares problems|[7].

While previous work such as mean-shift clustering [7] or hierarchical clustering [6] can aso effectively learn
a set of proxy bones, certain drawbacks exist. As shown in Figure 4.7, mean-shift clustering cannot always find
a suitable cluster for each face and might result in few and sparse clusters for animation sequences with extreme
deformations. On the other hand, hierarchical clustering adapts a bottom-up scheme to greedily merge nearby clusters

with similar transformations. While this yields a valid cluster membership for each face, it might fail to recognize
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Figure4.7: A comparison of our spectral clustering method with hierarchical clustering [6] and mean-shift clustering
[7] on two animation sequences, bending and horse collapsing, respectively. For the horse model, mean-shift clustering
fails to assign a large number of triangles (shown in black) to any clusters due to their highly deformable nature. Our
method resultsin more regular cluster shapes and a spatially more coherent assignment of the trianglesto the clusters.

global deformation characteristics since only local merging is performed at each step. Thereforeit usually resultsin
irregularly shaped clusters even for simple and well-behaved deformation such asbending. Asshownin Figure4.7, our
method works better in identifying the deformation characteristics from bending and resultsin triangle clusterswith a
more regular shape. The advantage of our method lies in that it is a global clustering technique that better preserves
spatial coherence. These properties make it more robust in learning the set of proxy bones for mesh animations with

extreme deformations.

45 Triangular Geometry I mage Construction

When an input mesh is converted to a set of triangular geometry images, there are two constraints we would like to
impose for triangular chart generation. First, each chart boundary should be shared by exactly two adjacent charts
without T-junctions. This constraint makes it straightforward to construct seamless atlases for geometry images and
simplifies boundary stitching at the rendering stage. Second, chart boundaries should be aligned with detected curvi-
linear features. This constraint isimportant for level-of-detail rendering since it helps preserve features even at lower
resolutions. We therefore design our chart generation process to enforce these constraints. Detailed description of

feature detection can be found in Section 4.4.

45.1 Triangular Patch Generation

Many patch formation methods rely on cluster growth, but growing triangular clusters that everywhere share bound-
arieswith exactly three other clusterswould be difficult. Our triangle patch generation is based on mesh simplification
and the progressive parameterization provided by MAPS[8]. We parameterize the original mesh over a base complex

which is an extremely simplified version of the original mesh, and then compute patch boundaries on the original
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Figure 4.8: The overall process of triangle patch generation. Start from an input mesh in (a), we first perform mesh
simplification to generate abase mesh in (b). During simplification, we apply MAPS [8] to progressively parameterize
the input mesh over the base mesh, as shownin (c). We utilize this parameterization to define a path in aflattened mesh

for each base domain edge, as shown in (d). These paths are mapped onto the original mesh to define the boundaries
of triangle patches.

mesh to create triangular patches there. Every patch boundary on the original mesh correspondsto an edge in the base
complex.

As shown in Figure 4.8, we simplify the input mesh to a base complex M ¢ = (V*, E*, F'*) through series of
“half-edge collapses’ that use one of the edge’s two original vertices as the new vertex position [19]. ThusV * C V.
We prevent the collapse of any edge that connects a feature vertex with a non-feature vertex, which ensures the base
domain trianglesdo not cross feature curves and do not absorb feature points, while allowing feature curvesthemselves
to be simplified. During mesh simplification, we progressively build a parameterization of the original mesh using
MAPS [8].

MAPS is aglobal parameterization method that parameterizes an original mesh over a simplified base complex.
Every vertex in the original mesh is assigned a membership to a base domain triangle f * € F** aswell as barycentric
coordinates («, (3, ) with respect to f¢. Therefore vertices assigned to the same base domain triangle share the

same coordinate frame, as shown in Figure 4.8(C). Moreover, vertices assigned to two adjacent base domain triangles
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(A) (B) ©
Figure 4.9: One step of MAPS parameterization. (A) For an edge (v 1, v2) with v, collapsed onto v, V; represents
the subset of previously removed vertices (shown in colors) parameterized over v 1’s one-ring neighborhood. (B) After
the edge collapse, the one-ring neighborhood has a new triangulation. We assign v, to atriangle f = (v, va, vp) IN
the new triangulation, and compute its barycentric coordinates. (C) Similarly, we reassign verticesin V4 to triangles
in this new triangulation and update their barycentric coordinates.

Figure 4.10: Overview of path generation. Every edge e ® = (v5, v3) in the base mesh (left) has a corresponding path
P = (v1,v2) inthe original mesh (right). To generate such a path, we flatten alocal region on the original mesh and
intersect e® with triangles in the flattened region. A straight path from v$ to v$ is traced by inserting Steiner vertices
at the intersections (middl€). This path is mapped back to the original mesh to form a path between v ; and vs.

fi, f5 € F* can aso be expressed in the same coordinate frame by flattening £ and f5 onto the same plane. This
will become very useful when mapping a base domain edge to a path on the original mesh.

To obtain the aforementioned global parameterization, MAPs progressively generates and updates the member-
shipsand barycentric coordinates of the removed vertices after each half-edge collapse. Asshownin Figure4.9(A), let
e = (v1,v2) be an edge to be collapsed, where v, will be moved to v,. For the removed vertex v,, MAPsfirst obtains
the set of triangles, F,,, in its one-ring neighborhood, along with the compl ete set of previously removed vertices V 4
currently parameterized over F',,, . It then flattens the one-ring neighborhood defined by F',, using a harmonic map,
which will result in a2D coordinate frame to represent verticesin F,, . vy and al verticesin V,; are then expressed in
this 2D coordinate frame. After the edge collapse, as shown in Figure 4.9(B), the one-ring neighborhood defined by
F,, isretriangulated and the new set of trianglesis denoted by F'/ . One can easily reassign v; or avertex in V; to a
trianglein F/ and recomputeits new barycentric coordinates, as shown in Figure 4.9(C). This processis repeated for
each edge collapse, and eventually all removed vertices become parameterized over base domain trianglesin £ ©.

Once we have the global parameterization from MAPS, patch generation becomes a straightforward process. As
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Figure 4.11: Feature preservation in MAPs parameterization. For a base domain edgee / = (v{ , vg ) collapsed from
afeature curve P/, al verticeson P/ can be parameterized on e (left). Thus the straight path in the flattened mesh
directly correspondsto the feature curve P/ in the original mesh.

shown in Figure 4.10, abase domain edge ¢® = (v§,v3) € E® isshared by two base triangles f5 and f3,, which can
be unfolded to a planar quadrilateral with e® being one of its diagonals. The part of the original mesh parameterized
over f3 and f can be flattened onto the same planar region. We collect the set of triangles F'. € £ from the original
mesh that intersect with e® in this flattened configuration. Tracing a path between v { and v3 in the flattened mesh can
be achieved by inserting Steiner vertices at those intersections. Thisis similar to previous work for tracing a path on a
polygonal mesh [96, 97, 98]. This path determined by e ¢ is finally mapped back to the original mesh to define a path
between v and vs.

When building the MAPS parameterization, we detect and fix any triangle flips in the parametric domain [8] to
ensure that a straight line in the parametric domain always maps to atopological linein the origina mesh. Therefore
the above method guarantees to produce a valid path for each base domain edge. The MAPs agorithm can also
integrate feature-related constraints into the parameterization to ensure a traced path is aligned with a feature curve.
Asshownin Figure4.11, for abase domainedgee/ = (v{, v]) simplified from afeature curve C'/, all verticeson C'/
can be parameterized on e/. Therefore the path corresponding to e/ in the parametric domain can be mapped trivially
to the feature curve C'/ on the original mesh.

Fig. 4.1 shows abase complex and triangul ar patches from an original mesh using mesh simplification. The packed
triangular geometry images are also shown in the bottom. Fig. 4.12 validates how well patch generation preserves
features by comparing the reconstruction quality with and without feature constraints. Ordinary simplification can
obscure some features, such as the ears, which directly affects their sampling rate and can cause both numerical errors

and visua artifactsin the geometry image representation.

45.2 Patch Parameterization and Packing

For each triangular patch, we parameterize it onto a 2D triangular domain by fixing its boundary onto the edges of

aright triangle. We apply the parameterization algorithm in [99] to ensure no triangles flip in the embedding. The
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Without Features With Features

Figure 4.12: Patches generated without feature constraints might not align their boundaries well with high curvature
regions. Thereforethe resulting reconstruction has more numerical and visual errorsin these regions, such as the ears
on the bunny.

resulting parameterization is then resampled onto aregular grid within the right triangle with 2 ¢ma= 41 samples along
every edge. Since each patch may have different geometric complexity, we determine a maximum resolution level
dmae fOr apatch according to its size and curvatures. Specifically, we set d 4. t0 be proportional to the curvature
weighted sum of face areas of this patch. Trivially packing each single patch into its square bounding box would be a
waste of space sinceit only occupies about half of the bounding box.

An intuitive way to improve packing efficiency is to exploit patch adjacency by packing pairs of neighboring
patches into a single square image. Since two adjacent patches share the same geometric information along their
shared boundary, a single shared boundary can be stored along the diagona pixels in the image. One drawback of
this method is that there will be leftover patches which do not have any neighboring patches to pair with. Therefore
we need to allocate more space for these patches than necessary as they have to be packed individually. Moreover, if
two adjacent patches have different maximum resolutions, we have to allocate a square region sufficiently large for
the higher resolution patch to pack both of them together. Therefore this method is still suboptimal in terms of spatial
efficiency.

Therefore we have chosen to pack two triangular patches that are not necessarily adjacent into arectangular image
of size (29» + 2) x (2¢» + 1), where d, represents the higher resolution of the two patches, for best spatial efficiency.
The rectangular shape is due to the fact that pixels along the diagonals are from two separate patch boundaries and
both boundaries need to be preserved. In this scheme, we maintain a sorted list of patches based on their maximum
resolution, and always pack a pair of patches with closest maximum resolutions together. We take specia care when
building a geometry image pyramid to ensure that the downsampling filter only considers pixels from the same patch.
This packing technique is similar to the schemes originally designed for texture atlases consisting of triangular texture

maps [100, 101].

Packing Skinning Parameters. For skinned meshes, we aso resample the bone influence weights, originally
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stored at the vertices, onto the regular grid in a similar manner to geometry resampling. In order to improve run-time
efficiency, we only keep the four largest bone influence weights for every grid point and store both the weights and
their associated bone indices. This ensuresthat the total storage for resampled weightsis fixed and independent of the

total number of bonesin the mesh.

4.6 GPU-Based Level-of-Detail Rendering

At run-time, we render each triangular patch in the form of a triangular geometry image. A suitable resolution of the
geometry image is determined on the fly for each patch according to the projected screen area of its oriented bounding
box (OBB). To further adapt our LOD selection scheme to a dynamically skinned mesh, the bounding box of each
deformed patch is also deformed before its screen projected area being used to estimate LOD of the patch. To avoid
cracks aong boundaries, we apply an automatic boundary stitching method to connect adjacent patches with different

resolutionsin our GPU implementation.

4.6.1 Leve of Detail Selection

We use an OBB to approximate the geometry on each patch when computing its LOD. The projected screen area of
the OBB is used to determine an appropriate resolution for each patch. In order to compute the projected area of an
OBB, only four of the eight corners of the OBB are transformed to form three new major axes of the transformed
bounding box. Since there are always three adjacent faces of the OBB are visible, the projected area of the OBB can
be computed with the cross-product of these major axes. However, this requires precomputing an extra set of bone
influence weights for each corner point of the OBB from bone transformations and the actual OBB corner verticesin
every input deformation sample data. At run-time, we apply new bonetransformationsto the OBB corners and use the
deformed bounding box for LOD selection. Specifically, given a set of cornersc;,i = 0. ..3 which form the major
axes of an OBB with ¢, being the pivoting point, and their skinning weights w?,b = 1...ny, we can compute the

projected area A as
A=Y"(é = o) x (ék — 6o (4.6)

i>k
whereé; = My (Zgil w?Ty ci) isthe screen projection of the transformed corner vertex c; using the current camera
view-projection matrix M,. For astatic mesh, we simply use ¢; = Mp¢; and apply the above equation to obtain the
screen projected area. Once we obtain the projected area A, we determine the detail level for this patch according

to both the area and its maximum detail level d,,.... Since one higher resolution increases the number of rendered
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triangles by four times, we compute the current level of detail d as follows.

d = max(log, (A), dmaz) 4.7)

where « is a scaling factor such that a Ay = 4%me= with A, equal to the screen size of the display window. This
ensures that the coverage ratio of triangles over pixels is approximately constant at all detail levels. We implement
both the dynamic skinning and LOD selection processes on the GPU using the CUDA programming environment and
store the results into GPU video memory in preparation of geometry image rendering at the next stage.

Although it would be more straightforward to implement the above LOD selection on the CPU, the actual perfor-
mance depends on the complexity of the LOD computation. For animated meshes, corners of their bounding boxes
need to be skinned and projected to obtain their approximate screen projected area. This LOD computation becomes
more significant when we perform LOD rendering for a number of animated characters, each with hundreds of charts.
This computation can be performed much faster on the GPU and thus motivate our GPU implementation for LOD

selection.

4.6.2 Geometry Image Rendering

Since the multi-chart mesh geometry datasets generated in our preprocessing stage is in the form of multi-resolution
2D images, they can be easily stored in the GPU video memory and preloaded as textures for real time rendering.
Since the latest G80 hardware supports texture array extension, geometry images at the same resolution can be stored
in the same texture array. This texture array data organization has effectively reduced the overhead incurred from
calling the OpenGL API functions since the texture binding only need to be performed once for each detail level.
Since we precompute al resolutions of geometry images, mip-mapping is disabled during rendering. Although we
use textures for storing geometry images, they are primarily used as the medium for storage on the GPU. By turning
off automatic texture filtering when accessing geometry images on the GPU, we access them as 2D arrays instead of
filtered textures.

A set of triangular grids are precomputed at all necessary resol utions and packed as OpenGL Vertex Buffer Objects
(VBOs). Each grid point is associated with a pair of (u, v) texture coordinates. Since the texture coordinates are
independent from the actual geometry stored in the rectangle textures, they can be reused for different patches. These
triangular grids are also stored and preloaded into the GPU video memory for the rendering pass. During rendering,
we select a grid resolution corresponding to the chosen LOD of a patch and directly render it with texture mapping
turned on. In avertex shader program, the texture coordinates of each grid point are used to look up vertex positionsin

ageometry image. Additional information such as normal vectors, bone influence weights can also be looked up in a
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Figure 4.13: Illustration of our boundary stitching method. (Left) Visualization of triangle charts on the mesh. Each
color represents a distinct chart. (Middle) Stitching result along chart boundaries. (Right) Closer view of the stitching
result. Although two adjacent charts have a significant differencein LOD, the stitching results are guaranteed to be
watertight.

similar manner. Thefinal patch geometry can therefore be rendered in the vertex shader after skinning transformations

have been applied.

4.6.3 Boundary Stitching

When different resol utions have been chosen for adjacent patches, crackswill occur at their common boundary. Since
adjacent patches share the same geometry along their common boundary, we can perform simple stitching directly on
the GPU by moving the vertices on the higher resolution border to those vertices on the lower resolution one. This
is done by recalculating the texture coordinates for grid points on the higher resolution boundary so that they can be
used to access the texels on the lower resolution one. With the latest shader API function texel Fetch, we can access
the integer texture coordinates directly within the range (0...w — 1,0...h — 1). Given two patches P;, P; with
resolutionr; = 2" + 1,7, = 2™ + 1,n > m respectively, new texture coordinates (u, v) can be computed from the

original texture coordinates (u, v) along the shared boundary of P; as:

4 = u — u mod 2(”_m), o =v—ovmod 2"~ (4.8

In our vertex shader implementation, the edge vertices along each boundary are identified. The texture coordinates
of these vertices are then modified according to (4.8) to ensure that the vertex positions retrieved from the geometry
image correctly align with the adjacent patch.

Asshown in Figure 4.13, the above stitching method guarantees no seams along chart boundaries. Thisis because
the boundary vertices of achart at alower detail level is aways a subset of boundary vertices of any chart at a higher
detail level. However, it is possible to have triangle flips when detail level s between adjacent charts vary significantly.

In our results, thisrarely happens and does not generate discernible artifacts.
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Triangular charts and reconstructed meshes at varying levels of detail for aBALLET animation.

Figure 4.15: Triangular charts and reconstructed meshes at varying levels of detail for aBOXING animation.

4.7 Experimental Results

We have successfully tested our method on both static and deforming meshes. The triangular charts generated with
our method and their reconstruction results can be found in Figures 4.12, 4.19, 4.14, and 4.15. The results for static
meshes are shown in 4.12 and 4.19, and those for deforming meshes are shown in 4.14 and 4.15. Timing and statistics
for the preprocessing steps can be found in Table 4.1. The skinning quality of oriented bounding boxes for triangular
chartsis shown Figure 4.16. Since we also treat deformation discontinuities as feature lines during chart generation,
the resulting charts do not cross boundaries between regions that are primarily controlled by different bones. Thuswe
can accurately fit the bounding box deformations and use the skinned bounding boxes when estimating the level of

detail for different poses.

Examples #Orig. Tris | Feature | Chart | #Charts Max. Data

Time Time Resolution Size
V2 8K Omin 1min 34 2° 05MB
Bunny 70K 2 min 4 min 70 20 52MB

Isis 100K 3min 6 min 120 2° 8MB
Feline 100K 3 min 9min 250 20 17 MB
Ballet 350K 5min 19 min 250 2° 42 MB
Boxing 250K 5min 12 min 150 2° 24 MB
Grand Canyon 6M 15min | 140 min 840 2" 316 MB

Table 4.1: Statistics and Timing. All performance measurements were taken from a 3.0GHz Pentium D processor.
"#Orig. Tris! means the number of triangles in the original mesh, ’Feature Time' means the pre-processing time
for feature extraction, 'Chart Time' means the time for chart generation, '#Charts' means the number of resulting
triangular charts, and’Max Resolution’ means the maximum resolution for each chart.
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Figure 4.16: Skinning results of an oriented bounding box for different poses. The red bounding box is associated
with the patch in blue color. The skinned corners of the bounding box adequately approximate the bounding volume of
the deformed patch at every different pose. Therefore we can use the skinned bounding box to estimate the projected
screen area and thus determine the detail level for this chart at every pose.

| 7l "t
A

Charts 13K Vertices 200 Vertices

Figure 4.17: A comparison between our triangle-char geometry images (Bottom Row) and quad-chart geometry im-
ages [1](Top Row). For this simple model, both methods approximate the original mesh well at a high resolution.
However, quad charts tend to have irregular shapes and produce lower quality results at lower resolutions.
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Charts 67K Vertices 1.1K Vertices

Figure4.18: Another comparison between our triangle-chart geometry images (Bottom Row) and quad-chart geometry
images [1] (Top Row) using the Isis model. Although this model has a relatively simple shape, it also contains
sharp edges and semantic features. Both methods can produce a good reconstruction in a high resolution. However,
quad charts fail to reconstruct important features faithfully in a low resolution while our method still gives a good
approximation.
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Figure4.19: Another comparison between our triangle-chart geometry images (Bottom Row) and quad-chart geometry
images [1](Top Row). With the same number of vertices, the reconstructed meshes from our method is more faithful
to the original mesh than the quad-chart based method. The feature constraints in our method ensure that important
features are preserved during mesh simplification and result in higher-quality charts.

We have compared both numerical errors and visual quality between triangular geometry images from our method
and the quad-images generated from seamless texture atlas (STA) [1]. In our comparison, we use the same number
of vertices for both methods and geometry images from both methods have an equivalent resolution. Numerical
errors of the meshes reconstructed from geometry images are obtained using the method in [102] which computesthe
Hausdorff distance between the original mesh and the reconstructed mesh. As shown in Figures 4.17-4.19 and Table
4.2, triangular geometry images from our method giverise to smaller numerical errors and better visua reconstruction
results, especially around feature regions with high curvature. We found that STA usually performs adequately for
examples with a simple shape, such as the Isis model. However, for examples with a high genus or with protruding
features, STA tendsto produce poor results. Sincetheface clustering schemein STA needsto satisfy multiple topology
constraints and perform additional steps to generate a quadrangulation, the resulting shape of the charts are usualy
much more irregular, which in turn give rise to more distortion and lower quality surface reconstruction. While using

adaptive charts could improve its quality, the main source of the distortion comes from badly shaped charts during



Examples || #Tri. #Tri. Tri. #Quad | #Quad. | Quad.
Charts | Vetices | Error Charts | Vetices | Error

Bunny 70 38K 0.010 42 45K 0.309
Feline 250 130K 0.019 150 163K 0.150
Ballet 250 130K 0.0080 138 150K 0.129
Boxing 140 82K 0.007 78 85K 0.074
Isis 120 67K 0.0036 66 71K 0.0146
V2 34 19K 0.0016 24 26K 0.0022

Table 4.2: Comparison of mesh reconstruction errors between our triangular geometry images and quad-chart based
geometry images[1].

Ground Truth Hierarchica Cluster Our Method

Figure 4.20: Comparison of skinning quality between our method and the hierarchical clustering method in [6]. Our
method produces results with less artifacts.

hierarchical clustering. Moreover, it is more difficult to integrate the feature constraints in our method into their
face clustering scheme. On the other hand, since the generation of our triangular charts is based on triangle mesh
simplification, it is straightforward to add feature constraints in the framework and ensure a sufficient number of
charts in the feature regions. As shown in Figure 4.18, although quad charts produce a good reconstruction in a high
resolution, it fails to reconstruct important features faithfully in alow resolution.

We have also compared the quality of mesh skinning using proxy bones extracted with spectral clustering. It has
been shown in Section 4.4.3 that spectral clustering can extract higher-quality proxy bones faithful to the deformation
structure. Here we further compare the resulting skin animations between our method and existing ones. In Figure

4.20, we show that the skinning results from spectral clustering are closer to the ground truth without noticeable

L

Ground Truth Our Method

Figure 4.21: Comparison of skinning quality between our method and SMA [7]. Our extracted proxy bones fit the
mesh sequence well while SMA fails in highly deformable regionsincluding the bending legs.
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Figure 4.22: Level-of-detail rendering of alarge BOXING crowd.

|  DemoScene || #Total Tri. | Avg. Throughput | Avg. FPS |

Boxing Crowd 15.3M 85M/s 45
Ballet Crowd 12.8M 84M/s 40
Bunnies & Felines 22.1M 105M/s 27
Grand Canyon 6.8M 110M/s 50

Table 4.3: Performance of our LOD rendering system on four composed large scenes. The first two scenes have
large collections of dynamically animated meshes using linear blend skinning, and the last two are static scenes.
Performance were measured from nVidia Geforce 8800GTS 640MB VRAM.

artifacts, while the irregular cluster shapes from hierarchical clustering, adopted in [6], tend to cause more obvious
artifacts. In Figure 4.21, our result is compared with that from SMA [7] on an extreme horse collapsing sequence.
Since our method produces a clustering that is more spatially coherent, the skinning results are more faithful to the
ground truth. On the other hand, SMA tends to produce sparse clusters on highly deformable meshes and fails to
reconstruct the deformation at the front legs. To clearly show the differences, all results in this comparison were
generated from skinning only without applying displacement corrections as proposed in [7].

We have created four large scenes of both static and skinned models to demonstrate our level-of-detail rendering
system. Two examples of these scenes are shown in Figures 4.23 and 4.22. The rendering performance and other
statistics of these scenes can be found in Table 4.3. It can be seen that including a large number of dynamically
animated objects using our LOD representation only moderately compromises the rendering performance. Adding
additional unique characters would surely increase the required amount of video memory and increase the number of
rendering passes. However, since each skinned character requires only about 40MB of texture memory, as shown in
Table 4.1, the current generation GPU should be able to hold up to tens of distinct high-resolution charactersin its

texture memory. If only afew distinctive characters are required for a scene, there should be plenty of memory |eft
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Figure 4.23: Level-of-detail rendering of aterrain navigation using the Grand Canyon dataset.

for other GPU operation such as texturing and shading.

4.8 Conclusionsand Future Work

In this paper, we introduce multi-chart triangular geometry images for GPU-based LOD representation of both static
and deforming objects. To fulfill the promises of triangular geometry images, we have devel oped a series of algorithms
for the detection of curvilinear features, for the construction of such geometry images and their LOD representations,
aswell asfor GPU-based L OD rendering. We have also generalized these algorithmsfor dynamically skinned meshes.

There are limitations that we would like to address in our future work. First, the optimal resolution level is only
determined once per frame for each triangular geometry image. This coarse-grain scheme does not hinder rendering
performance for geometry images with a reasonable size. However, when the geometry images become excessively
large, asingle resolution per patch would not be sufficiently adapted at the desired level of detail in each local surface
region. It would be more practical to integrate a dynamic subdivision scheme on the geometry images as in[18] and
render different subimages using different resolutions. Second, it is assumed in thiswork that al the geometry images
can be preloaded into the GPU video memory for maximal rendering throughput. Since most of models used in our
demo required only at most 40 MB of video memory, this assumption will not pose as a problem for rendering a
scene with tens of distinct characters using the current generation of GPUs. However, for rendering many different
charactersin a high resolution, the amount of required video memory might exceed the capacity of the GPU. In future,
we would like to develop an out-of-core system for gigantic mesh models that cannot fit into the GPU video memory.

A dynamic paging scheme should be designed to swap geometry images between the video memory, system memory
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and hard drives.
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Chapter 5

Precomputed Radiance Transfer for
Skinned M esh

Computer games and real-time applications frequently adopt mesh skinning as a deformation technique for virtua
characters and articul ated objects. Rendering skinned models with global shading effects, such as interreflection and
subsurface scattering, using precomputed radiance transfer enables high-quality real-time display of dynamically de-
formed objects. In thisapproach, we need to precompute radiance transfer for many sampled poses. Resulting datasets
reach hundreds of gigabytes, and are orders of magnitude larger than those for a static object. This paper presents
simple but effective large-scal e data management techniques so that runtime data communication, decompression and
interpolation can be performed efficiently and accurately. Specifically, we have devel oped amesh clustering technique
based on spectral graph partitioning to facilitate interpolation from nearest neighbors and an incremental clustering
method for transfer matrix compression. By exploiting additional data redundancies among different sampled poses,
we can achieve higher compression ratios with the same fidelity. Our incremental clustering can make the runtime
cost of per-frame data decompression and interpolation satisfy a prescribed upper bound. As a result, we can achieve

real-time performance using the massive precomputed data and an efficient runtime algorithm.

5.1 Introduction

Precomputed radiance transfer (PRT) provides the opportunity to produce compelling realism with global shading
effects in real time. Originally developed for static scenes [23, 24], PRT has been subsequently extended to fixed
animation sequences aswell as deformabl e objects with shading effects caused by detailed surface features but without
cast shadows [25]. It has aso inspired techniques that produce soft shadows for dynamic scenes [26, 27] as well
as algorithms for real-time lighting design [28] and cinematic relighting [29]. However, the generalization of PRT
to dynamic scenes with global shading effects, such as interreflection and subsurface scattering, has not been very
successful. Our goal isto overcome this limitation on the class of deformable objects generated by skinning [49, 20],
which is the most widely adopted deformation technique for virtual characters and articulated objects in computer
games and real-time applications.

In skinning, thereisaset of rigid “bones’. Surface deformationsare defined as functions of the rigid movements of
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Figure 5.1: PRT-based real-time rendering of dynamically deformed objects with global shading effects.

nearby bones [49, 20, 7]. Such anature givesrise to deformations at two different scales. The relative position among
large surface segments, such asthe limbs of avirtual character, may undergo large-scale changes. Nevertheless, large-
scale movements are highly correlated. For example, a virtual character is typicaly designated with a few classes
of whole body movements, such as walking, running and dancing. Each class of movements exhibit a high degree
of coordination among various body parts [103]. Subspaces that enclose relevant poses can be identified with a
covariance analysis on sample movements. At a smaller scale, deformations within each surface region, such as the
bulging of muscles, are smoothly varying, and spatially close points share similar deformations.

In this paper, we focus on real-time PRT techniques that can achieve realistic global shading effects, such as
interreflection and subsurface scattering, on glossy or translucent surfaces deformed by skinning. Most importantly,
such surface deformation is not precomputed, but dynamically generated. To be able to produce these global shading
effects, we take the example-based approach that draws many samples in the pose subspaces for a particular object
and precomputes radiance transfer for them. Note that during runtime a dynamically generated pose as well as its
associated surface deformation may be different from all the sampled poses. Therefore, some type of interpolation
from nearest neighborsin the pose spaceisinevitable.

Animportant questioniswhat criteriaor distance metricswe should useto search for these nearest neighbors. Pose
similarity should obviously be considered. But pose similarity aloneisinsufficient. Even a subspace of posestypically
has multiple dimensions. Any practical number of sampled poses only give rise to a sparse sampling within such a
space, which resultsin large interpolation errors. On the other hand, the configuration of asingle surface segment lies
in a much lower dimensional space. Therefore, we search for nearest neighbors for each surface segment separately
and then perform interpolation using different nearest neighbors for different surface segments. When searching for
such segment-wise nearest neighbors, we also consider similarity in terms of local PRT data (i.e. the precomputed

radiance transfer matrices). Unlike local geometry, radiance transfer matrices over a surface segment actually account
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for global effects such as scattering and interreflections caused by other surface segments.

Another tough challenge we face is the sheer size of the data generated by precomputing. Because we need to
precompute radiance transfer for every sampled pose, resulting datasets reach hundreds of gigabytes, and are orders
of magnitude larger than those for a static object. We need clustering and compression methods that are better suited
for such large-scale data for the following reasons. First, compressed datasets need to fit into the system memory.
Otherwise, dynamically loading data from hard disks during runtime would be intolerably slow. Second, because
loading all compressed data into the GPU memory has become infeasible, effective data compression can reduce per-
frame communication overhead between the CPU and GPU. Furthermore, these goals should be achieved without
compromising rendering quality or increasing per-frame data decompression cost, which is directly related to the
frame rate we can achieve.

In this paper, we present effective clustering and compression schemes for precomputed radiance transfer matrices
so that the af orementioned runtime data communi cation, decompression and interpol ation can be performed efficiently
and accurately. First, we have devel oped a data segmentation schemeto facilitate interpolation from nearest neighbors.
Once al the meshes associated with the sampled poses have been consistently segmented in the surface domain, every
group of corresponding surface segmentsarefurther evenly divided into small groupsin the pose domain using spectral
graph partitioning and a nonlinear measure that computes similarities in terms of both pose and radiance transfer
matrices. Second, we have devel oped arevised clustered PCA algorithm for transfer matrices. It incrementally creates
new PCA clustersfor dataassociated with new pose configurations. By exploiting additional dataredundanciesamong
different sampled poses, our method can achieve a higher compression ratio with the same approximation error. Our
incremental clustering can make the cost of per-frame data decompression and interpol ation satisfy a prescribed upper
bound.

In addition, we have designed an efficient runtime algorithm that takes advantage of the precomputed clustering
and compression results while effectively distributing the workload among multiple rendering passes. As a result,

high-quality real-time rendering with global shading effectsis achieved.

5.2 Overview

Since adynamic articulated object may have anumber of linked parts moving simultaneously, interactively computing
light transport, including glossy reflection, interreflection, shadowing and subsurface scattering, under environment
illumination for such objects is extremely challenging. Therefore, state-of-the-art techniques can only dynamically
generate soft shadows [27], all-frequency shadows [104], or ambient occlusion values [105]. There exist other limi-
tations with these techniques. In fact, the algorithm in [104] can interactively generate shadows for one moving part

only, and only diffuse shading has been demonstrated on original object surfacesin [27].
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Figure 5.2: A multistage pipeline for data segmentation and clustering in the joint spatio-pose space. (a) PRT data
for al combinations of poses and vertices can be arranged into a large-scale matrix. (b) Consistent segmentation
horizontally divides the matrix into multiple submatrices. (¢) Mesh segment clustering reorganizes columns of each
submatrix into multiple smaller clusters. (d) Revised clustered PCA projects each row of the clusters onto the basis
vectors of the same PCA cluster to facilitate runtime interpolation. Vertices in the same PCA cluster are shown with
the same pattern.

To achieve al global shading effects on glossy or translucent articul ated objects, we take the approach that draws
many samples in the pose subspaces for a particular object, precomputes radiance transfer for al of them, and inter-
polates the precomputed transfer matrices during runtime. Note that the high-level approach of the rendering stagein
[106] issimilar to ours. Nevertheless, they only devol oped methods for diffuse surfaces and small elasticity-based de-
formationswhile our articulated objectstypically generate deformationsat a much larger scale. In this paper, we adopt
the basic PRT framework for glossy objects presented in [23, 24] which account for global shading effects caused by
low-frequency environment lighting using a truncated spherical harmonic basis.

Since we need to sample poses and perform interpolation, we briefly discuss our pose sampling strategy here even
though it is not the focus of this paper. We took multiple representative sequences from the CMU moation capture
database [107]. Each sequence represents a distinct type of whole body motion, such as boxing, dancing, running and
walking. A pose consists of al the joint anglesin a specific skeletal configuration of the object, and thereis a pose at
every frame of these sequences. We ran clustered principal component analysis (CPCA) on al the poses and extracted
a few pose subspaces. Since we would like to obtain pose samples that are distributed more uniformly and widely
within each subspace than the input poses, we resample each subspace by performing stratified Monte Carlo sampling
on the PCA coefficients. Let C = {p1,p2, ..., pm, } be the set of resampled poses. Note that we need to generate
a deformed surface mesh for every sampled pose using skinning and then precompute radiance transfer matrices for
these deformed meshes. All the deformed meshes have the same number of vertices and the same connectivity among
the vertices. Only the vertex positions have been altered. Let Y7 = {v{, vg, - v%v} be the complete set of verticesin
the deformed mesh for asingle posep; € C. We can arrangeall the verticeswithin Y7 into asingle column vector, and
arrange such column vectorsfor all posesinto amatrix, M. Each row of verticeswithin M are actually corresponding

vertices on different meshes (Fig. 5.2(a)).
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We perform a consistent mesh segmentation across all the deformed meshes using the technique in [7] to ob-
tain a set of segments for every mesh. A consistent segmentation partitions different meshes into the same number
of segments and corresponding vertices on different meshes belong to corresponding segments (Fig. 5.2(b)). Let
{’r{;|1 < k < n,} bethe segmentation of Y7 so that T/ = |J, Ti Next, we group corresponding segments on dif-
ferent meshes together and define 2, = {Ti|1 <j< M}forl <k <mn,. Wecanimaginethat each Q) isactually
a submatrix of M, and occupies a subset of rows within M. We further run spectral graph partitioning (Section 5.3)
on each 2. independently to reorganize its columns and evenly distribute them into smaller clusters each of which
typically has 3-8 segments. Let {24 4|1 < g < n.} bethe clusters from dividing €2, so that ), = J, Q4. If we
move the segments of each cluster together, we can imagine each cluster as a submatrix where each column consists of
vertices from the same mesh segment and each row consists of corresponding vertices from different ssgments within
the same cluster (Fig. 5.2(c)). The mesh segments within each cluster should exhibit two types of similarity. If T il
and T{f belong to the same cluster, their corresponding poses, p ;, and p;,, should be similar, and radiance transfer
matrices at corresponding vertices of T7' and TJ? should also be similar. After data segmentation, radiance transfer
matrices over all sampled poses are finally compressed using arevised clustered PCA algorithm.

During runtime, given an input skeletal configuration aswell as the associated surface mesh, which sharesthe same
segmentation discussed above, we first use the skeleton to find the most similar pose among the samples. Suppose
this most similar poseis p;, which is then used to find the cluster Qkygf; where each mesh segment, Ti(l <k<n,),
belongs. Radiance transfer matrices at each row of corresponding vertices within each retrieved cluster of mesh
segments are finally interpolated to generate estimated transfer matrices for the vertices on the input mesh. There are
two major reasons to perform the aforementioned clustering on each group of segments Q2 (1 < k < n,.). First, the
resulting clusters can accel erate runtime nearest neighbor search. We directly consider the mesh segmentsin the same
cluster as approximate nearest neighbors. Second, such clustering can accel erate runtime transfer matrix interpolation
once transfer matrices at corresponding mesh vertices in the same cluster of mesh segments are compressed using the

same set of PCA basis vectors (Section 5.4 and Fig. 5.2(d)).

5.3 Mesh Segment Clustering

In this section, we apply a spectral graph partitioning algorithm, called normalized cut [93], to dividing each € 4 (1 <
k < n,) into smaller clusters of mesh segments. In the current context, clustering based on normalized cut has
important advantages. First, unlike linear subspace methods, such as PCA and clustered PCA, normalized cut is
based on local pairwise similarity. Therefore, it is better suited for interpolation based on nearest neighbors. Second,
normalized cut can easily handle nonlinear similarity measures and can easily integrate multiple similarity measures

together to achieve a tradeoff among them. Third, a similarity measure in normalized cut is typically defined as
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a Gaussian, which is a widely used radial basis function. Such a nonlinear measure is consistent with pose-based
skin deformation techniques that use radial basis functions [49]. The normalized cut algorithm has recently been
successfully applied to the compression of motion capture sequences [108]. In the following section, we briefly

introduce this algorithm first.

5.3.1 Normalized Cut Framework

Let G = (U, E) be aweighted graph, where the set of nodes, i/ = {u1,us,...,un}. Anedge, (u;,u;) € &, hasa
weight w(u;, u;) defined by the similarity between the location and attributes of the two nodes defining the edge. The
ideaisto partition the nodesinto two subsets, .4 and B3, such that the following disassociation measure, the normalized

cut, is minimized.

cut(A, B) cut(A, B)

Ncut(A,B) = asso(A,U) ' asso(B,U)

(5.1)

where cut(A,B) = > . 4epw(s,t) is the total connection from nodes in A to nodes in B; asso(A,U) =
> seareu w(s,t) is the total connection from nodes in A to all nodes in the graph; and asso(B,U) is similarly
defined. This measure works much better than cut (A, B) because it favors relatively balanced subregions instead of
cutting small sets of isolated nodes in the graph.

To compute the optimal partition based on the above measure is NP-hard. However, it has been shown [93] that
a good approximation can be obtained by relaxing the discrete version of the problem to a continuous one which can
be solved using eigendecomposition techniques. Let y be the indicator vector of a partition. Each element of y takes
two discrete values to indicate whether a particular node in the graph belongsto A or B. If y is relaxed to take on
continuousreal values, it can be shown that the optimal solution can be obtained by solving the following generalized

eigenvalue system,

(D — W)y = A\Dy (5.2

where D is adiagonal matrix with D(é,4) = >_, w(ui, u;), W is the weight matrix with W (i, j) = w(u;, u;). The
eigenvector corresponding to the second smallest eigenvalueisthe optimal indicator vector in real space. A suboptimal
partition can be obtained by first allowing y to take on continuousreal values, solving the above generalized eigenvalue
system for y, and then searching for the best threshold to partition the real-valued elements of y into two subgroups.
There exist different criteria to guide this threshold search. By default, one would like to use the cost function in
(5.1) asthe criterion so that the threshold can minimize this cost. Alternatively, asin our case, one may look for two

evenly subdivided subgroups. Then, the threshold should be the median of the elementsin y. In either case, it isa
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one-dimensional search that can be performed very quickly. The two resulting subregions from this partition can be
recursively considered for further subdivision. Thisalgorithm can be used to solve different clustering or segmentation

problems by choosing different edge weights [109].

5.3.2 Mesh Segment Clustering

In the current context, we would like to partition every group of corresponding mesh segments, 2 (1 < k < n,.) into
multiple smaller clusters. We set up a complete graph for agiven group of segments. A nodein the graph corresponds
to amesh segment from the group. The attributes of a node include the complete skeletal configuration corresponding

to that node as well as the radiance transfer matrices at all the vertices within that segment.

The weight w(u;,u;) over an edge (u;, u;) is the product of two similarity terms. One measures the overall
similarity between the transfer matrices associated with the two nodes of the edge. The other measures the similarity
between the poses associated with the two nodes. Both similarity terms can be in the form of a Gaussian distribution.
Overall, w(u;, u;) isalocal measure of how likely the nodes belong to the same partition. w(u ;, u;) is closeto 1 for
nodes which are likely to belong together, and close to O for nodes which are likely to be separated, as judged purely
from local evidence available at the two nodes.

Overal similarity regarding both transfer matrices and pose configuration is formulated as

(s, ;) = exp <_zl ||T2;'J—§ T3 _ Thes ”?fg_ RM) 53)
whereu,; and u; are two graph nodes each of which has a corresponding mesh segment, T | denotesthe transfer matrix
at vertex v; in the mesh segment at node u;, S represents the complete skeleton of an articulated object, b isa“bone”
inthis skeleton, R} denotesthelocal rigid body transform at this“bone” in the pose corresponding to node  ;, and T{
and R{; are defined similarly. We use the Frobenius norm for both transfer matrices and local rigid body transforms.
Parameters o, and o, are automatically determined from the respective standard deviations of the root mean squared
differences of corresponding transfer matrices or local transforms within a pair of corresponding mesh segments.
These parameters can be further adjusted to reflect the relative weighting between the two similarity measures.
Oncethe graphis set up, it is recursively partitioned into two subgraphs using the af orementioned normalized cut
algorithm. Binary partition only needs one eigenvector with the second smallest eigenvaluewith respect to (5.2). Since
we always use the same number of neighbors to perform runtime interpolation and these neighbors are always from
the same cluster, we enforce final clusters from graph subdivision have an equal size. Thisis achieved by enforcing

the two subgraphs from every binary partition have an equal size. Recursive partition terminates when the size of the

subgraphs reaches a given threshold, which is typically 4 in our experiments.
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54 Transfer Matrix Compression

We need to precompute a radiance transfer matrix at every vertex of the mesh for every pose, which gives rise to
an amount of data that is three orders of magnitude larger than that for a static object. However, there exist extra
redundancies across different meshes that we can exploit by compressing transfer matrices from different meshes
together. Nevertheless, there are two important requirementsthat need to be satisfied. First, the cost of per-frame data
decompression should be bounded to guarantee runtime performance. Second, since runtime interpolation will be
performed among transfer matrices at corresponding vertices within the same cluster of mesh segments, they should
be compressed in such away that facilitates such interpolation.

We have developed a revised clustered PCA agorithm with incremental cluster creation to overcome these diffi-
culties. Note that incremental cluster creation is different from incremental singular value decomposition algorithms
[110] that incrementally update the basis vectors of a cluster. Clustered PCA divides the original dataset into a few
clusters each of which is approximated separately using a truncated PCA basis. In this context, the first requirement
translates to an upper bound on the number of distinct PCA clusters used by per-frame data since all our PCA clusters
have a fixed number of basis vectors. The second requirement is satisfied by using the basis vectors of the same PCA
cluster to approximate all transfer matricesfalling on the same row of the same cluster of mesh segments (Fig. 5.2(d)).

Our incremental a gorithm goes through the set of posesin a sequential order and incrementally creates new PCA
clusters as necessary for each additional pose while guaranteeing the total number of distinct PCA clusters used by
that poseis below a prescribed upper bound, m ., r. Suppose we arelooking at posep;. Let £ = {K;|1 < i < mpeq}
bethe set of existing PCA clusters each of which hasalist of transfer matricesthat have been assigned to it. The mesh
for p; has aset of vertices Y7, which has been partitioned into segments, {Ti,|1 < k < n,}. Suppose Ti € ang-,i’
where Qk’,gi isacluster of mesh segments, as defined in Section 5.2. Since vertices on other mesh segmentsin 2 kg
might have been assigned PCA cluster memberships, according to the second requirement, corresponding vertices
in Ti, should have the same membership as well. Thus, we can divide {Qk,g;ﬂ |1 < k < n,} into two subgroups,
{Qk,gi |k € I,} and {Qk,gi |k € I}, where vertices of the mesh segments in the first subgroup of clusters have been
assigned to PCA clustersin E but vertices associated with the second subgroup have not. The second subgroup of
clusters are called active clusters. Let £y = {K;|i € I;} C E bethe set of PCA clusters already used by vertices

from pose p; and ! __, gnea D€ the percentage of the vertices from p; that have been assigned PCA clusters. When

Meps—|Ejl

1—p! . gnea < T———, whererisaratiotypically set to 2, we perform an incremental clustering step; otherwise,

the number of new PCA clusters that can be created within the per-frame budget is too few compared to the number
of unassigned vertices and, therefore, we need to perform areclustering step to reinitialize a sufficient number of new

PCA clusters better suited for the pose under consideration.

76



54.1 Incremental Clustering

We createm.,, ¢ — | E;| new PCA clusters, and every vertex of the segmentsin the second subgroup is assigned to either
one of the new clusters or one of the existing clustersin £/;. We have revised the origina clustered PCA agorithm
to achieve this goal. In the revised CPCA algorithm, we assign every row of corresponding vertices within the same
cluster of segments to the same PCA cluster. According to the mesh clustering process presented in the previous
section, the transfer matrices at such corresponding vertices should already have ahigh degree of similarity. Therefore,
assigning them to the same PCA cluster would not sacrifice much accuracy, as confirmed by our experiments.

The criterion to determine cluster membership is the cumulative squared approximation errors contributed by all
the vertices in the row. There are still two alternating steps in the revised CPCA algorithm. In the first step, every
row of verticesin an active cluster of segments, Q2 kgl (k € I,), is assigned to the PCA cluster that produces minimal
cumulative squared errors. In the second step, the basis vectors of the new PCA clusters are updated. Thus, in this
revised algorithm, existing clusters in E; can accept new members, but their previously existing members cannot
change their memberships. The basis vectors of these clusters are updated only when these clusters have accepted a
significant number of new members. If we define a cost function as the summed squared approximation errors within
al mcps clusters, it isstraightforward to show that this cost function monotonically decreases during each of the above

two steps. Therefore, the revised CPCA agorithm converges.
5.4.2 Reclustering

In the reclustering step, to guarantee high-quality approximation within the per-frame budget, we simply choose to
generate m.,,s entirely new PCA clusters for the current pose by running the original CPCA agorithm. Before doing
that, those rows of vertices associated with the first subgroup of clusters of mesh segments, i.e. {€2, |k € I}, need

to be removed from the PCA clusters where they have been previously assigned.
5.4.3 Cluster Merging

Because reclustering may split among multiple new clusters vertices that previously belong to the same PCA cluster,
it may cause the number of PCA clusters used by another poseto exceed our per-frame budget. Therefore, we perform
a cluster merging step once our incremental agorithm has generated clusters for al the poses. As a preprocessing
step, we first measure distance between pairwise PCA clusters. We only need to consider pairs of clusters that have
members from the same pose, and only consider those poses that have used more clusters than they should. The
distance between two PCA clusters can be measured by the L 2-norm of the difference between their corresponding
projection matrices [111]:

d(¥,®) = [Py — Psll2, (5.4)
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wherePy = Uy U$ is the projection matrix of cluster ¥, Uy is amatrix whose columns are the basis vectors of ¥,
and P4 is defined similarly.

During each iteration of the merging process, apair of PCA clusters with the minimal distanceis chosen. Thispair
of clustersis merged only if at least one pose shared by their members has more clusters than the per-frame budget.
Once merged, distances between the new cluster and all relevant existing clusters need to be computed. This process
is repeated until the number of clusters used by all poses has fallen below the upper bound, m ,,r. There exist efficient
and accurate algorithms for merging two clusters without going back to the raw data in these origina clusters. We
apply the merging algorithm in [112]. At the end of merging, the coefficient vector of every transfer matrix needs to

be recomputed according to its final cluster membership.

5.5 Runtime Algorithm

The shading equation we follow is largely similar to the one in [24]. Although our implementation is in three color
channels, in the following, we explain the shading process using a single channel. The final radiance from a sur-
face point along a specific viewing direction V' and under a specific low-frequency global lighting vector L can be
formulated as

I' = VIBTL, (5.5)

where B isa BRDF matrix, T is the radiance transfer matrix with an integrated rotation from the global frameto the
local frame[23], and the lighting vector L is a coefficient vector computed by projecting an environment map onto SH
bases. The BRDF matrix is obtained by first discretizing a continuous BRDF, B(v, s), in both viewing and lighting
directions to obtain an intermediate matrix whose rows correspond to different viewing directions and columns to
different lighting directions. Then each row of the intermediate matrix is projected onto the spherical harmonic (SH)
bases.

In this paper, we always use 25 spherical harmonic bases for both lighting and BRDF. Inspired by PCA-based
separable approximations of an arbitrary BRDF [113], we further factorize the BRDF matrix using singular value
decomposition (SVD) and represent it as a product of a view map, H, and alight map, G, B = HG 7. Thereisan
important distinction between our factorization and that in [114, 115]. We decomposethe BRDF matrix after spherical
harmonic projection while they directly decomposethe original BRDF for al-frequency rendering. Since we have also
found experimentally that a 4-term approximation can produce sufficiently accurate results, both H and G are chosen
to have only four columns. With the resolution of the BRDF view map set to 32 x 32 and the number of SH bases
being 25, H and G arerepresented as 1024 x 4 and 25 x 4 matrices, respectively.

Suppose during runtime we need to estimate the transfer matrix T, at vertex v for a new incoming pose whose
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most similar sampled pose is p;, which is found quickly using a Kd-tree. Let v belongs to the k-th mesh segment,
which further belongs to a cluster of mesh segments, €2, g Then T, can be interpolated from the transfer matrices

defined at the corresponding vertices of v on the mesh segmentsin €2 kgl 8 follows.

T, = ZalTZ} = Zal (Z cf’j’ Ui) , (5.6)
1 ! i

where TJ! represents the transfer matrix at the corresponding vertex of v on a mesh segment in kgl and o is
its interpolation coefficient. The interpolation coefficients are implemented using normalized radial basis functions
(NRBFs) [116], and need to be computed only once for each mesh segment. Since we still use clustered PCA to
approximate transfer matrices, {U|i = 1, ...,n;} represent the set of PCA basis matrices whose linear combination
approximates T7, and cf’jl (i = 1,...,n) are the PCA coefficients. Because our revised CPCA agorithm assigns
different T:’s from the same row of Qkygf; to the same PCA cluster, we can drop the superscriptin {Ul|i = 1,...,n,},

and (5.6) becomes

TU = Z <Z Oélcz’jl> U, = Z A U;, (5.7)
l i

i
where \; =5, alcﬁ”j’ . Thismeanswe can simply interpolate scalar PCA coefficientsto avoid reconstructing multiple
transfer matrices.

Substituting (5.7) into (5.5), we obtain

I = V'HGT <Z AZ-UZ-> L (5.8)
Z Z
Qi
= (V'H) Q) _M((GTUy)L)) (5.9)
- ( - 7 HS/Z—/ ) .

where the parenthesesin (5.9) indicate the order of evaluation we use, and Q ;, S; and Z are intermediate variables.

The computation of (5.9) is partitioned into multiple stages, including precomputing, a runtime CPU pass and two
runtime GPU passes. We have implemented the GPU passes using DirectX 9 API.

e In the precomputing stage, we multiply the 4 x 25 matrix, G 7', with each 25 x 25 matrix, U;, to obtaina4 x 25
matrix, Q. Such computation is performed for the 8 basis matrices we use for each PCA cluster. Sincethesizeof Q ;
is smaller than a basis matrix, this step actually helps improve our overall data compression ratios.

e During the runtime CPU pass, we select the Q;’s needed by the current frame and multiply each of them with
the current 25 x 1 lighting vector, L, to obtain a4 x 1 vector, S;. The time complexity of this step is proportional to

the number of PCA clusters needed by the current frame. The resulting vectors, S ;’s, are saved as a 2D texture. In
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Figure 5.3: Renderings from our method. Left: aglossy deforming mesh. Right: a translucent deforming mesh. Both
images exhibit global shading effects, including soft shadows, diffuse and specular interreflections. The right image
also exhibits subsurface scattering.

addition, we compute \;’s by interpolating relevant PCA coefficientsasin (5.7). This step needs to be done for every
vertex, and is performed on the CPU because the avail able bandwidth between the system memory and GPU does not
permit us to transmit the data before interpolation. To improve runtime performance, we have implemented this pass
using double threads on a dual-core processor. The resulting coefficients are saved as textures as well. Since only a
subset of the clusters are selected in each frame, all the computed textures during this pass become small enough to
be transmitted to the GPU on a per-frame basis.

e Inthefirst GPU pass, wecompute Z = . \;S; for every vertex, where \; and S; are passed from the previous
CPU pass. Although thisis purely vertex-based processing, considering the performance limitation of vertex textures
on DirectX 9 generation GPUs, we choose to implement it in a pixel shader program via a GPGPU technique by
drawing a quad covering as many pixels as the total number of vertices. Every pixel in the quad computesits own Z
vector using the textures representing S;’sand \;’s. These Z vectors from the pixel shader are saved back to the GPU
video memory as a 2D texture map using multiple render targets.

e In the second GPU pass, we use a pixel shader program to first compute V 7H for every pixel. Since we use
bilinear interpolation in the viewing direction, V has four nonzero entries, and V 7 H is computed as alinear blend of
four row vectors of H. Meanwhile, the per-vertex Z vectors from the previous pass are linearly interpolated at every
pixel in the GPU pipeline implicitly. At the end, we perform pixelwise multiplication between the row vector, V 7H,
and the interpolated Z vector to obtain the final radiance for each color channel.

In addition to opaque surfaces, we also support translucent objects with subsurface scattering (Fig. 5.3). We
follow the algorithms in [117] for precomputing single and multiple scattering. The precomputed results can still

be represented using transfer matrices except that the BRDF matrix in (5.5) should be replaced with a matrix that
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#vertices | #poses | #mesh | prt coefficients segment clustering revised CPCA
segs | computationtime | #clusters | cputime | #clusters | cputime

Armadillo | 33,000 1024 19 77hrs 2432 42hrs 36000 9lhrs
Boxer 32,000 1024 11 64hrs 2816 38hrs 96000 115hrs
Horse 19,000 48 27 2hrs 648 30mins 2984 1.7hrs

Table 5.1: Statistics for Precomputation. We utilize the cluster serversin our institution to accelerate the computation
for PRT coefficients. In the Boxer example, every mesh segment cluster contains 4 segments. There are 72000 PCA
clusters on the character model and additional 24000 clusters for a floor plane. In the Armadillo example, every
mesh segment cluster contains 8 segments, which have the side effect that the total number of PCA clusters is much
reduced. The small number of sampled poses for the Horse example gives rise to much smaller numbers of mesh
segment clusters and PCA clusters, and an overall much smaller dataset. Every PCA cluster in these examples has
eight 25 x 25 basis matrices.

| | Armadillo | Boxer | Horse |

origina datasize 253GB 215GB | 3.06GB
compressed data size 1.7GB 154GB | 76MB
dataused in demo 200MB | 430MB | 76MB
framerate 30 30 45~.50

Table 5.2: Compression Result and Performance. As shown, we have achieved a compression ratio of around 140 on
large examples. Because we generated the poses with enough variations, the demo animations from our paper usually
require only asmall subset of the sampled poses for real-time interpolation. The Cook-Torrance BRDF model is used
for Armadillo and the Phong model is used for both Boxer and Horse. All performance measurements were taken
from a 3.0GHz PentiumD with nVidia Geforce 7900GTX 512MB VRAM.

accounts for light coming from both sides of the surface.

5.6 Experimental Results

We have successfully experimented with three examples. Renderings from our method can be found in Figs. 5.1,
5.3 and 5.4. For each example, we start with a static mesh and a few deformed versions of this mesh. A skinning
model with blending weightsistrained from these deformed versions using the techniquein [ 7], which also produces a
consi stent segmentation of the meshes. Meanwhile, we obtain anumber of MoCA P sequencesfrom the CMU database
[107], and aign the skeleton used in the MoCA P sequences with the segmented meshes. As discussed in Section 5.2,
we resampl e pose subspacesto obtain a database of sampled poses. Each of the sampled poses can generate adeformed
version of the original mesh using the trained skinning model, and we precompute radiance transfer matrices for each
of them using ray-tracing [118]. The statistics of these precomputed datasets are shown in Table 5.1. As we can
see, two of the examples are very large. Each of them has more than 200GB of raw PRT data. Our data processing
algorithms actually divide such large-scale raw datainto smaller chunks and only load into the memory one chunk at
atime. Once we have run the mesh segment clustering algorithm and the revised CPCA agorithm, we quantize each

PCA coefficient down to 16 bits. In this way, we can achieve a compression ratio of around 140 without losing much
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| Our Scheme | Pose-Space |

1 8851 10661
2 5307 11015
3 6104 8167
4 8348 9686
5 9819 13922
Avg 7685.2 10690.2

Table 5.3: Comparisons of approximation errors between our interpolation scheme for transfer matrices and pose-
space based interpolation. The first five rows show the errors for five randomly generated poses, and the last row
shows the average errors among the five.

visual fidelity.

With such a precomputed and compressed dataset, we can render dynamically deformed versions of the original
mesh in real time. We have experimented with two possible methods to generate dynamically deformed meshes. In
the first method, the user can interactively adjust the pose of the skeleton, and every adjusted pose produces a new
deformed mesh. In the second method, we can take a new MoCAP sequence with the same skeletal structure and use
the poses in this sequence to deform the mesh. Note that these poses are different from all previously sampled poses.
In both cases, the transfer matrices for the dynamically deformed mesh are interpolated from the precomputed data
in real time and the deformed mesh is shaded instantly on the GPU using the interpolated transfer matrices. Since it
is not very convenient to interactively produce interesting new poses without referencing MoCAP data, most of our

demonstrations use the second method.

5.6.1 Validation

Frame Rate

Framerate is by far the most important goal. An important reason that we can achieve real-time performance with at
least 30 frames per second is that transfer matrix interpolation is actually performed through the interpolation of their
scalar PCA coefficients, as formulated in (5.7). Thisis facilitated by both mesh segment clustering and the revised
CPCA agorithm. We did a comparison on the two large examples between our technique and a different version that
does not use the same set of PCA bases to approximate transfer matrices at corresponding vertices within the same
cluster of mesh segments. The latter only achieved at most 8 frames per second, more than three times slower than

our version.

Interpolation Accuracy

We interpolate transfer matrices for each mesh segment independently using the cluster of mesh segmentsit belongs.

Our clusters of mesh segments are formed considering similarity in both transfer matrices and pose. In contrast, given
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anew pose, aconventional schemefinds afew nearest sampled poses, and then simply interpolatesall transfer matrices
for the new pose from the same set of nearest sampled poses. It isthus a global scheme that always uses the same set
of neighborsfor different mesh segments.

We have compared our interpolation scheme with this pose-space scheme on our examples. During the precom-
puting stage of these comparisons, we use the same number of PCA clusters to compress the raw PRT data in both
cases. During runtime, we randomly generate new poses that further produce new deformed meshes, which are ren-
dered using the two interpolation schemes which choose different sets of neighbors. We also directly ray-trace the
deformed meshes to produce the ground truth. Table 5.3 lists summed errors of the interpolated transfer matricesfor a
few randomly generated poses. The errors of our interpolation scheme are consistently lower. However, differencesin
numerical errors may not reflect the true differencesin visual quality. We further compare the rendered images from
these interpolation schemesin Figs. 5.4 and 5.5. The global scheme produces obvious artifacts on certain parts of the

surface while the results from our scheme are visually comparable to the ground truth.
Compression Quality

We further validate the compression quality of our revised CPCA agorithm by comparing it with running the original
CPCA on each pose independently. Because an important goal of our agorithm is to satisfy the two requirements
discussed in Section 5.4 instead of achieving maximum compression ratios, without incremental cluster creation, it
should generate larger approximation errors than the original CPCA. However, incremental cluster creation exploits
data redundancies across different poses and, therefore, can compensate the negative effects produced by the require-
ments we impose on compression. As aresult, with the sametotal number of PCA clusters, our revised CPCA actually
achieves smaller approximation errors than running CPCA independently on each pose. For example, on the BOXER
dataset, when there are atotal of 72000 clusters over 1024 poses, the average error per pose is 4489 for our algorithm
and 5516 for independent CPCA. Moreimportantly, the latter cannot satisfy the second requirement, therefore, would
significantly lower the frame rate. As shown in Fig. 5.6, our revised algorithm also produces results with better visual

quality and without obvious boundaries among PCA clusters.

5.7 Conclusions and Future Work

We have presented effective data clustering and compression techniques as well as an efficient runtime algorithm that
can achieve high-quality real-time rendering of dynamically skinned models using precomputed radiancetransfer. Our
techniques can reduce the amount of precomputed data to a managable size, and achieve a compression ratio of 140
on large-scal e datasets with hundreds of gigabytes of raw data. Meanwhile, they also facilitate runtime data communi-

cation, decompression and interpolation. Our algorithms and results have demonstrated that using an exampl e-based
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approach for PRT-based rendering of dynamic objects with glossy or translucent materials is both feasible and practi-
cal.

There are limitations with our current algorithms and implementation. First, we are limited to low-frequency
environment lighting. We would like to investigate in future whether it is feasible to extend our work to all-frequency
lighting using nonlinear wavelet approximation [119, 120]. Second, we would like to model interactions among
multiple objects using subspaces and investigate precomputed radiance transfer for such interactions. Third, our
implementation is partially limited by the memory capacity and streaming bandwidth of the current generation of
GPUs. We expect these aspects improved in the future generations and even better runtime performance achieved on

them.



Ground Truth Our Method Pose-Space

Figure5.4: A comparison between our interpol ation scheme and pose-space based transfer matrix interpolation. Since
pose-space interpolation only considers similarity in global pose configurations without accounting for similarity
among transfer matrices themselves, visually noticeable artifacts occur.
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Ground Truth Our Method Pose-Space

Figure 5.5: Another comparison between our interpolation scheme and pose-space based transfer matrix interpolation
in the self-occlusion area. Pose-space interpolation fails to capture some self-occluded effects and has more visual
artifacts

- - -
r ~ r
Ground Truth Independent CPCA Our Revised CPCA
Figure 5.6: A comparison between our revised CPCA and running CPCA independently on different poses. Note
that our revised CPCA satisfies additional requirements, and incrementally creates new clusters. With the same total

number of PCA clusters (72000 clusters over 1024 poses in this example), our agorithm produces visually better
results while independent CPCA produces visible boundary effects.
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