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In this paper we presert a layered framework for the an-
imation of high-resolution human geometry captured us-
ing active 3D sensingtechnology. Commercial scanning
systems can now acquire highly accurate surface data
acrossthe whole-body. However, the result is a dense,
irregular, surfacemeshwithout any structure for anima-
tion. We introduce a model-basedapproac to animat-
ing a scanneddata-set by matching a generichumanoid
control model to the surface data. A set of manually
de ned feature points are usedto de ne body and fa-
cial pose,and a novel shape constrained matching algo-
rithm is presened to deform the control model to match
the scannedshape. This model-based approach allows
the detailed speci cation of surfaceanimation to be de-
ned once for the generic model and re-applied to any
captured scan. The detail of the high-resolution geome-
try is represenied as a displacemert map on the surface
of the control model, providing smooth reconstruction
of detailed shape on the animated cortrol surface. The
generic model provides animation control over the scan
data-set, and the displacement map provides cortrol of
the high-resolution surface for editing of geometry, or
level of detail in reconstruction or compression.

Key words: Human animation { Deformable model {
Displacemernt map { Model-basedvision

1 Intro duction

The goal of physical realism is one of the most demand-
ing tasks in the eld of human body modelling and
animation. High quality and photo-realistic computer
graphics models of people can now be obtained from
commercial systems[10], based on dense surface mea-
suremen techniques such as laser scanning [3], stereo
photogrammetry [1] and activelight projection [4]. While
this is su cien t for static objects, the denseand irregular
surfacedata corntains no structure for animation. In this
paper we proposea framework to provide both cortrol
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over the surfacedetail in thesehigh-resolution geometric
modelsand control of the model structure for animation.

A key componert to realism in animated models
is to provide natural surface deformations. Currently
the speci cation and animation of surface models is a
lengthy processrequiring frequert intervention for real-
istic results [33]. Here we intro duce a model-basedap-
proach to animation of high-detail human surface data,
following the functional model paradigm intro duced by
Terzopouloset. al. [42]. The technique is basedon tting
a low-resolution generic humanoid model to the surface
data to provide a cortrol layer for animation. The philos-
ophy of the approad is that the detailed speci cation of
the surfaceanimation canbe de ned oncefor the generic
control model and then re-appliedto animate any human
data-set.

Our model consistsof 3 layersasdescribedin [39, 41]:
the control model skeleton providing animation from
key-frame or motion capture data; the control model,
matched to the scan surface; and the high-resolution
scanned data. The high-resolution geometry is repre-
serted by a single displacemen map from the surface of
the cortrol model, providing an e cien t represeration
of the surface shape and cortrol over the detail in the
layered model. This layered approadc facilitates smooth
animation of surface detail, control for rendering, com-
pressionand editing of surfacedetail.

Figure (1) shawsthe pipelinefor constructing our lay-
eredanimation model. We usese\eral recert advancesin
computer graphics and computer vision. We introduce a
novel shape constrained deformable surfacemodel to au-
tomatically match a genericcontrol model to a scanned
data-set. We then apply the normal-volume represena-
tion [19] to map the surfacedata onto the surfaceof the
control model and obtain a singledisplacemen map [37].
The control model and high-resolution surfacedetail can
then be e cien tly and seamlesslyanimated through ma-
nipulation of the cortrol skeleton. We reconstruct the
high-resolution surface detail on the animated control
surface using either uniform, or non-uniform adaptive
subdivision, inserting the detailed geometryfrom the dis-
placement map.
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Fig. 1. Pipeline for generating layered model.

The novel features of our algorithm are:

{ Reqgistration of a generic control model with a 3D
data-set to recover pose.

{ Automatic tting of the model to the data-set using
shape constrained matching providing a close t, in-
terpolation of noisy/missing data, robust matching
and presenation of mesh parameterisation for ani-
mation.

{ Represemation of human surface detail using a dis-
placement map, giving an e cien t and accurate rep-
resentation of surfacedetail. Intuitiv e represeration
of detail using a single displacemert map.

{ Framework for represerting a static whole-body scanned

data-set for e cien t animation, rendering, and con-
trol of surfacedetail.

The paper is organisedasfollows, in the next section
we presert previouswork on human body modelling, and
the represenation of high-resolution surface geometry.
We then layout the processof model registration in sec-
tion 3, tting in section 4, and displacemert mapping
in section5, to construct a layered model of a full-b ody
human scan. Finally we presert results of reconstructed
animated scans,meshediting and Level of Detail cortrol.
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2 Background
2.1 Model Fitting

Modelling of the human body has been of extensive in-
terest in computer graphics and computer vision. Our
approach to model tting is closely related to previous
work on reconstructing geometric models of the human
head [27, 6, 31, 20, 36] and whole body [18, 30, 21], us-
ing a seriesof key featuresto conform a generic model
to match the shape of an individual. Here we combine
thesemethods, using a set of feature points to register a
generic cortrol model with a scanneddata-set, recover-
ing the poseof the individual for both body and facial
animation.

In order to match the shape of the human body in
the scan, we treat the generic control model as a de-
formable model. \Deformable-models" were rst intro-
ducedin computer vision by Terzopouloset. al. [44], and
have been used widely to reconstruct high quality geo-
metric models from 2D image data and 3D volumetric
data [34]. The technique treats a prior model as a free
form shape that deformsto t an object. The strength of
the approad lies in the constrained shape deformation,
allowing for the recovery of shape even in the presence
of sparseor noisy data for highly variable and complex
shapes.

Here we introduce a novel formulation for a shape
constrained deformable model. Free-form shape defor-
mation has a high degreeof freedomand a model is free
to reach a shape that is unrelated to the prior model.
Tedniques have been explored to constrain shape dur-
ing deformation by parameterising a model with mean-
ingful shape variables [43, 13, 40]. Parameterised shape
models provide a compact represenation, however the
variability of the shape that can be described is lim-
ited. We therefore use a local shape constraint to allow
for variabilit y betweenindividuals with clothing. We also
formulate the local constraint to presenethe parameter-
isation of the control mesh under deformation. We are
then able to apply the animation structure of the con-
trol model to the deformed shape of the control mesh.
We combine this constrained deformable surface model
with a coarseto ne matching technique to adhieve ro-
bust matching of the cortrol model to a scandata-set.

2.2 Displacement Mapping

Displacemen mappingis an e cien t way of represering
a highly detailed surface with a lower resolution mesh.
Instead of storing the detail as a triangulation (vector
points and their connectivity) it is stored as a scalar
image function mapped onto the low resolution polyg-
onal surface (scalar displacemerts and texture coordi-
nates). This represertation of surfacedetail is analogous
to texture mapping. The represenation is e cien t and
enablesrapid level of detail (LOD) cortrol, compression
and editing of detail via the displacemen map image.
There have been sewral other researd e orts to-
wardsthe reconstruction of displacemen mapsfrom cap-
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tured data [26, 39, 28]. Krishnamurthy and Levoy [26] en-
sured a cortin uous normal by calculating displacemerts
from a B-Spline surface. They construct their cortrol
meshesfrom manually selectedsurfacepoints. Smith et.
al. [39 introduced displacemern maps on a polygonal
meshusing the normal volume represeration to achieve
cortinuity of mapping betweendi erent polygons. This
work is discussedfurther in section5. Leeet al. [28] base
their approach on subdivision surfacesand take their
normals to be the normals of the limit function of their
surface.

Displacemen maps basedon an underlying geomet-
ric model can only map surfacesthat are injective to the
model. A surface with many folds cannot be mapped
uniquely onto an unfolded control model. The resulting
mapping will be non-injective since multiple points on
the detail surfacewill map to the samepoint on the con-
trol surface. This problem is countered by well chosen
control meshegq28]. In generalthe closerthe t between
cortrol mesh and detail, the more complete the map-
ping. In this paper weintro duceshape constrained tting
techniquesto achieve a close t betweena control model
and a detailed surface. Displacement mapping onto the
polygonal cortrol is then usedto represen surfacedetail
[39).

3 Control Mo del Registration

The task of model-based tting is to deform a cortrol
modelto t the shape of the human scandata, capturing
the posefor animation. The processis divided into the
recovery of body and facial pose,then surfaceshape. In
this section we describe the generic humanoid cortrol
model we use, and the registration of the model with
the scandata-set.

3.1 Parameterisad Generic Humanoid Model

In this work we adopt the Humanoid Animation Working
Group (H-Anim) speci cation for a humanoid model [5].
The model consists of a single seamlessmesh de ning
the surfaceshape of the body, attachedto an underlying
skeleton structure for animation as shown in Fig. (2).
The model is animated using a control skeleton with 16
articulated joints, capturing the grossposeof the human
body.

Any appropriate deformation technique can be used
to animate the model surface. Here we adopt a stan-
dard vertex weighting scheme widely used in current
commercial software packages.The skeleton structure is
animated as a rigid set of bone segmens. Each boneis
assiated with a set of meshverticeswith a correspond-
ing set of weights. The deformation of the vertices of the
surfacemeshis then given by Eg. (1).

X
Xi =  WipTpx? (1)
b

In Eqg. (1), x? is the global position of the i vertex
in the default body pose, Ty, is the global homogeneous
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Fig. 2. The generic humanoid control model.

transformation matrix from the default to the current
posefor the b" bone,and w, is the corresponding vertex
weight assaiating vertex x? with the b" bone. Where
a bone does not inuence a vertex, the vertex weight
wip, = 0, and for rigid body animation only one bone
a ects ead vertex with a corresponding weight wi, = 1.

The body poseof the genericmodel is de ned by the
joint rotations, limb lengths and translation of the con-
trol skeleton. We model the articulation of the control
skeleton with a 3 degreeof freedom (DOF) root rota-
tion, 3DOF rotations at the vertebrae, hips and shoulder
joints, 2DOF at the clavicles and wrists, and 1DOF at
the elbows, kneesand ankles[16, 17]. The dimensionsof
the skeleton are de ned by 9DOF for the lengths of the
spine, head, clavicles, upper-arm, forearm, hands, thigh,
shank and foot, with left and right segmens constrained
to be symmetric.

The surfacedeformation schemecan be formulated in
terms of the set of joint angles and segmen lengths|,
together with the global translation t, .., EQ. (2). Here
T? is the homogeneousigid body transformation of the
local bone coordinate frame as given in Eq. (3), where
exp(! i) is the rotation of the i!" joint in the hierarchy in
an axis-anglerepresenation [15],i = 0beingthe skeleton
root, AY is the unit oset of the bone joint from the
joint of the parent bone in the default poseand |; is
the assaiated length of the parent bone segmen. The
local coordinate frames of the bone segmerts are de ned
to coincide with the orientation of the global coordinate
frame in the default pose,and sothe local coordinates of
a vertex are given by the o set from the default location
of the bonejoint certre of.

Xi=  wipTp(x} op) )
b
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3.2 Manual Feature Location

We manually de ne a set of feature points on the human
data-setto registerthe parameterisedcontrol model and
to de ne the specic shape of the face. An interactive
tool is usedto select points on both the control model
and the scandata-set for manual registration.

Previously [14, 46] the discrete medial axis has been
used to automate the placemen of joints in 3D mod-
els. However, human skeletal joints such asthe shoulder,
do not necessarilylie on the medial axis. In this work we
utilise the discrete medial axis purely asa visual guideto
joint placemen. We generatethe medial surfaceby rst
converting the model to a volumetric voxel represena-
tion using a depth-bu er based voxelisation algorithm
[23]. A topological thinning processis then applied to
generatethe set of voxels on the discrete medial surface
[8]. Joint certres are located in the interface by user se-
lection of joint positions on a renderedview of the model.
Points on the image generatea ray in the model space
and the joint positions are located in 3D as the closest
point on ead ray to the discrete medial surface.Figure
(3) illustrates the manual placemer of joint positionsin
a human scan.A 1cmvoxel sizedis usedin generation of
the discrete medial surface.We allow the userto adjust
the joint positions along ead ray to re ne the estimated
body poseif necessary

(a) Surface data

(b) Medial surface (c) Manual placement

Fig. 3. Joint positions located using the volumetric discrete medial
surface.

The correspondencebetween the face of the cortrol
model and the data-set is de ned using a limited num-
ber of manually labelled feature points. A sub-setof the
MPEG-4 facial de nition points [25] are usedto identify
the prominent featuresof the face. Figure (4) illustrates
the points located on the control model and the manual
identi cation on a surfacedata-set.

3.3 Model Registration

We estimate the joint angles,dimensionsand location of
the parameterised generic model to match the features
of the model with the joint and facial feature positions
located on the data-set. We minimise the error between
the points with respect to the model parametersin a
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(a) Feature points

(b) Manual points  (c) Reshaped model

Fig. 4. Facial feature points located on the scan data-set.

standard least-squaresframework. Equation (4) de nes
the least-squaresproblem, where pf! indicates a feature
point located on the scandata, and p¢ the corresponding
feature point on the parameterisedcortrol model.
X
min  kpl' pSk? 4)
k

The problem is non-linear, requiring an iterativ e nu-
merical solution. A good initialisation isimportant in op-
timisation, improving the convergenceof the solver and
the quality of the solution [29, 7]. We usean approximate
analytic solution for the joint rotations of the model as
an initialisation. The 6DOF position and orientation of
the model is calculated from the location of the shoulder
and hip joints under the assumption that the trunk is
a singlerigid body. For ead limb segmen we calculate
the 3DOF rotation at the basejoint, sud asthe shoul-
der, and 1DOF rotation at the intermediate joint, such
asthe elbow, from the location of the base,intermediate
and distal joints. The model parametersare then re ned
using an iterativ e solution to the least-squaresproblem.
We make use of an extensible bound-constrained BFGS
solver [47], that can deal with a larger number of ob-
senedfeaturesand allows for the inclusion of constraints
sudh asrotation and limb length limits on the model.

Once the skeleton of the corntrol model is posedto
match the featureson the data-set, we update the shape
of the model surfaceto match the geometry de ned by
the featuresto recover the facial pose.Here we usescat-
tered data interpolation to smoothly interpolate the de-
sired changein shape de ned by the vector valued o set
between the posed model features, pS, and the manu-
ally de ned features on the scandata, pf! [36, 21]. We
t a vector valued displacement function f(p) to the
known displacemerts from the model feature positions
using the radial basisfunction for scattered data in-
terpolation, with an ane basisa to model the global
displacemen eld, Eq. (5). We usethe radial basisfunc-
tion (p) = kpk3, minimising the thin-plate energyfunc-
tional in 3D, a measureof the total bendingin the hyper-
surface,to give a globally smooth interpolation function

[45].

X H
f(p) = o Pk
k

py +[p1]a (5)

The weights ¢k and the parametersof the a ne transfor-
mation a are solved by constructing a linear system of
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equations in terms of the known vector digplacemerts,
f:,(pf) = p{  p¢ and the constraints ,ck = O,

« CEpg = O that remove the ane cortribution from
the radial basisfunctions [36]. The linear systemis sym-
metric and is solved by LU decomposition. Finally the
vertices of the posedcontrol model are updated accord-
ing to the interpolated vector displacemen at eact ver-
tex, f (x;j). Figure (4c) showvs an updated model face,
matching the de ned feature points.

4 Matc hing Control Mo del to Scan

Oncethe control model is posedto match the scandata-
set, the task is to deform the shape of the genericmodel
so that it conforms closely to the scan surface without

changing the topology and the parameterisation across
the surface mesh. In this section we introduce a shape
constrained deformable surface model to presene the
prior shape and parameterisation of the model, and for-
mulate the matching of the model to the scan data-set
to re ne the control surfaceshape.

4.1 Constrained Deformable Surface Model

The \deformable-model" problem is formulated as an
energy minimisation task. We wish to minimise the po-
tential energy of the model derived from the t of the
control model to the data. This is regularisedby the in-
ternal energyof the model which penalisesthe deviation
from the desired model properties. The deformable sur-
face model f xg minimises the energy function E(x) in-
corporating the potential energyfrom data tting P (x),
and the internal energy from the shape of the model
S(x).

E(x) = P(x) + S(x) (6)

The potential energyis derived by integrating a data
tting error e(x) acrossthe model surfacex(u; v).
ZZ
P(x) = e(x(u; v))dudv (7)
Traditionally the model is treated asa thin-plate ma-
terial under tension, yielding a nal model with a local
area minima and local distortion minima that ts the
data. The internal energyis given by the integral of the
membrane and the thin-plate functional acrossthe model
surfacewhereconstarts ; de ne the trade-o between
the areaand distortion constraints, Eq. (8).

ZZ

kx,k? + kxyk? dudv (8)
ZZ
+ kx yy K2 + 2kx gy k% + kxyyk? dudv

S(x) =

d?x dx dE
+ _
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A physics-basedapproac to energyminimisation is used
whereby the model evolvesto a local energy minima un-
der the principles of Lagrangian dynamics. The e ect
is that of an elastic like body which dynamically de-
forms to t the data. The model is treated astime de-
pendert x(u; v;t), and the Lagrangeequationsof motion
are solved for the ewolution of the surface, Eq. (9).

Rather than treating our prior model as a thin-plate
material under tension, we wish to formulate the local
shape and parameterisation of the surfacemeshin order
to presene these properties under model deformation.
Local shape on a surface is described by 3D position,
normal and curvature, with possiblehigher order terms
such as changein curvature. We are interested in sur-
face shape up to a rigid transformation, implying the
useof curvature or higher order terms to formulate local
shape. Such measuresalone, however, do not describe
the parameterisation of a mesh and would provide no
constraint on the deviation from the genericparameter-
isation of the model.

Montagnat and Delingette [35 use a description of
surfaceposition in terms of local framesto give a rotation
invariant estimate of local shape and parameterisation.
The technique is basedon the speci ¢ parameterisation
of 2-simplex surfacemodels, Fig. (5a). 2-Simplex meshes
have 3-connectedvertices,a vertex position cantherefore
be described by the barycentric coordinatesin the plane
of the 3 neighbour vertices and the simplex angle de n-
ing the o set from the plane. Montagnat and Delingette
useda spring force betweenthe current vertex positions
during deformation, and the reconstructed default po-
sitions basedon the neighbourhoods of the vertices, to
constrain both shape and parameterisation of the mesh.
We generalisethis approad to the irregular triangular
mesh commonly used for shape represenation in com-
puter graphics.

For an irregular mesh a vertex position is not well
de ned in relation to the vertex neighbourhood, Fig.
(5b). With an irregular number of vertices in the 1-
neighbourhood, it is not possibleto obtain a consisten
de nition of a local frame to describe the position of
the certral vertex. We therefore considera triangle face-
basedschemeasusedby Kobbelt et. al. [24]. The vertex
positions of a triangle facecanbe de ned by the barycen-
tric coordinatesand height o set in the local frame of the
vertices on the facesedge-connectedo the certral face,
the vertices surrounding the certral triangle asshawn in
Fig. (5¢). The position of a meshvertex is therefore con-
strained by the local position in the triangle faceframes
in the 1l-neighbourhood of the vertex, leading to a 2-
neighbourhood support structure for a vertex position.

s & <7

(a) 2-Simplex mesh  (b) Triangular mesh (c) Triangle frame

Fig. 5. Vertex locations in a triangle frame.



We de ne the internal energyof a shape constrained
model asthe integral acrossthe surfaceof the deviation
in the local shape from the genericshape de ned in eath
facebasedframe. This is given by the summation of the
error at the mesh vertices, x;, preserving the local pa-
rameterisation and shape in the vertex positions. Equa-
tion (10) de nes the internal energywhere( ¢ ; 9;h?)
are the default barycentric coordinates(; ) and height
oset h in the f face basedframe for the i vertex
with valenceN;.

X X ke x( 9; 9:h9)k2

S(x) = N

i f

(10)

We de ne the potential energy of the shape con-
strained model as the summation of the error e(x;) in
data tting at the mesh vertices. The constrained en-
ergy formulation is then given by Eqg. (11). We solve the
energyminimisation problem by steepest descen, equiv-
alent to a zeromassdynamic system.Equation (12) gives
the update equation for the vertices of the shape con-
strained model.

X X X kxi x(9; 9:h%)k?
E() = e(x)+ ' ('fN R RLRER
i it i
dx: X xi x( ¢ 2:h})
Gec T e) T (12)
I

f

The model ewolvesto minimise the error in tting to
the data, alsominimising the deviation in the local shape
and parameterisation of the model. Figure (6) illustrates
the ewolution of the shape constrained deformable model
with no data tting term e(x;), in recovering the shape
of an irregular triangular mesh with added noise. This
demonstrates that the shape constrained model con-
vergesto the original shape even after sewere distortion.

4.2 Model to Surface Matching

The shape constrained deformable model is matched to
the body data in order to deform the model to t the
shape of the body. Matching is a fundamenrtal and well
studied problem in computer vision in both 2D and 3D.
A standard approad is to use a nearest neighbour as-
signmen such asiterativ e closestpoint (ICP) [9]. How-
ever, this will lead to distortion in the matching accord-
ing to the initial alignment of the model with the data.
The approach has been extended by consideringan all-
neighbours assignmen [22]. Matching then becomesin-
exact, where the weighting of the assignmen to ead
neighbour de nes the degreeof certainty in the assign-
ment. Here we usethe robust point matching technique
introduced by Rangarajan [38] where an all-neighbours
assignmen is combined with a coarseto ne re ne-
mernt of the assignmen through a deterministic anneal-
ing framework. We combine the framework with the de-
formation of the shape constrained model to obtain a
coarseto ne match of the model to the data.
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Fig. 6. Recovery of shape on an irregular triangular mesh (a)
Original model (b) Model with noise (c),(d),(e) Convergence to
original shape.

We de ne the error metric in tting the data asthe
least-squarederror betweenthe model and the data set.
The potential energyfunction is givenby Eq. (13) where
X; spansthe set of model vertices and y; spansthe set
of scandata points.

Kl
P(x) = mj; ky;
i=1 j=1

Xi k2 (13)

The all-neighbour assignmen is de ned by a ma-
trix M of continuous match variables m; subject to the
following constraints: a data point y; can match one
podel vertex mj = 1, partially match seweral vertices

i mj  1ormay not match any verticesm; = Ofor all
p and a model vertex x; must be assignedto the data set

; mij = 1. The inequality constraint is transformed to
an equality constraint by augmerting the match matrix
with a set of sladk variables, Eq. (14).
P .

ISTmp=1 (14)

P ._
1 :;£+1 mjj = 1

0 mi;
A deterministic annealing framework is usedfor the
assignmem by adding an entropy term to the energy
function [38]. The temperature T of the entropy term
de nes the degreeof fuzzinessin the assignmen, Eqg.
(15).
X X
P(x) = mij kyj Xik2+T
i j | J

mj (log(m;; )

The nal energy equation for the shape constrained
deformable model is given by Eq. (16), consisting of the
shape constraint, the data t and the entropy term.

1)(15)
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X X kxi x( 9 2;nh8)k?
E(x) = N, (16)
i !
X X
+ mij kyj Xik2
I
x 'x
+T mi (lg(mjj) 1)

[
For a xed temperature T and xed model con gu-
ration x; the match parametersm; can be derived by

di erentiating the energy function with respect to mj; ,
Eq. (17).

dE

dmy xik?+ Tlg(m;) =0 (17)

= kyj
ky; xik?
mjj = exp ylf'

The Sinkhorn balancing technique of alternating row
and column normalisation of the match matrix M [11]
canthen be performedto satisfy the match constraints in
Eq. (14). Equation (17) showvsthat avertex assignmen is
weighted according to the relative distance to a surface
point ky;  xjk with the temperature T de ning the
e ectiv e region of matching in space.As the temperature
tendsto zerothis method approadesthe ICP algorithm.

For a xed assignmem we can derive the gradient of
the energy function with respect to the mesh vertices
Xi, Eq. (18), giving a gradient descem solution for the
ewlution of the mesh.

x($; §:n%)
N;

- mi yj  Xi
dt j ;

(18)

We t the deformable model to the data-set by al-
ternately updating the assignmen to the 3D points mj;
using Eg. (17) and satisfying the constraints in Eq. (14),
then updating the vertex positions of the model x; us-
ing Eq. (18). The temperature is reduced as the model
is updated to re ne the assignmer, giving a coarseto
ne approad to matching. We start at an initial tem-
perature Ti,i . The match parametersare initialised ac-
cording to Eq. (17), with the sladk matches set to the
minimum match m; for ead data point j. The param-
eters are then balancedto satisfy the constraints. The
model is updated using explicit Euler integration steps
until cornvergence.The corvergencecriteria is set asthe
maximum componert of the gradlent falllrﬂ,g within the
current region of matching, f k -k g T. We then
alternately reducethe temperature rede ne the match
parameters,and then update the model until a nal tem-
perature T;ina IS reached.

In practice the data setin a human scancanbe large.
A processedscancan consist of around 10° data points,
with around 10° verticesin the cortrol model there arein
the order of 10 match parameters.Many of the parame-
ters are redundart for ead vertex, wherethe distanceto

the corresponding data point exceedshe matching tem-

perature and the match parameteris e ectiv ely zero.We
therefore restrict the match for ead vertex to a closest
subsetof points, reducing the number of match parame-
ters to be updated and stored. An octree represertation

of the data setis constructedfor e cien t retrieval of clos-
estpoints. In matching we alsoonly retrieve points whose
surfacenormal lies in the samehalf-plane as the vertex
normal in order to avoid incorrect surfacematches.

The initial temperature Tj,; is automatically de ned
asthe the maximum squarederror for the nearestneigh-
bour of the initial model vertices, giving a region of
matching equivalent to the worst-casenearestneighbour
assignmen. The nal temperature Tina IS Set as the
maximum desirederror tolerancein the nal model. We
setTiina = 0:001? corresponding to a tolerance of 1mm.

Figure (7) illustrates the performanceof the proposed
technique in comparisonto standard ICP matching for
the problem of mapping aregularly parameterisedsphere
to a human head data-set. Figure (7a) shows the match
for ICP, (7b) shows ICP combined with the proposedlo-
cal shape constraint and Fig. (7c) the constrained multi-
point matching technique introducedin this paper. This
demonstratesthat the useof a coarseto ne, multi-p oint
match, combined with the shape constraint improvesthe
surfacematch over standard ICP.

(b) Constrained ICP
Fig. 7. Fitting of uniformly triangulated sphereto a head surface.

(a) ICP match

(c) Constrained multi-p oint



5 Represen tation of Surface Detail

The model registration and shape tting described de-
forms the cortrol model to produce a close approxima-

tion to the shape of the scandata-set. The cortrol model
can be animated using the prede ned animation struc-

ture of the generic model. We then accurately and ef-
ciently represen the surface detail by constructing a
displacemen map. The displacemen map represers the
o set betweenthe control model and the scandata across
the surface of the control model. In previous work [19]

the normal-volume was introduced to derive a corntin-

uous mapping between 3-spaceand a polygonal mesh.
Herewe brie y describe the details of the normal-volume
mapping, displacemer map generationand detail recon-
struction on the control model.

We wish to describe surface points p™ on the high-
resolution scan surfacein terms of an indexed triangle
on the control model and barycertric coordinates (; )
which give a point p€(; ) and a displacemen d along
the interpolated normal n®(; ), asin Eqg. (19).

pt = pC(; )+ dnC(; ) (29)

To do this we de ne the normal volume of a cortrol
triangle which is given by o setting ead control triangle
vertex (vy;Vs;V¢) along its normal (n;;ns;n¢) by dis-
tances d, Fig. (8a). The resulting union of all normal
volumes gives a contin uous volumetric envelope which
enclosesthe high-resolution scanneddata. This ensures
that any detailed point within this normal-volume can
be mapped to the control mesh.

We can write the control point p© and its normal n©
by a bi-linear interpolation of the control meshvertices
asgivenin Eq. (20). This interpolation ensuresa cortin-
uousnormal acrossthe whole of the cortrol surface.This
both allows ead point to be uniquely mapped, Fig. (8b),
and also (as we shall seein section(6)) ensuresthat, once
the surfaceis animated, the detailed reconstruction will
deform smoothly.

Vi + vg+ (1 Vi
N+ ng+ (1 )ny:

pe(; )= (20)

n°(; )=

The detailed meshis parameterisedwith respect to
the control mesh by solving Eqg. (19) so that for eadh
scandata point p! we obtain a displacemen d, its cor-
responding cortrol triangle and barycentric coordinates
(; )- The equationis rst solvedfor d by obtaining the
planewith normal (vi Vvs) (Vs V() inthe normal vol-
ume which passeghrough p aswell asa displacedcon-
trol vertex. Onced is known the barycertrics are given
by Eq. (19).

We compute a displacemen image by de ning tex-
ture coordinates u which uniguely map ead cortrol tri-
angleto atexture plane.If a control triangle hastexture
coordinates (uy ; us; u¢) then this mapping is de ned by

u= u+ us+(1 Juy (21)
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(a2)The normal volume (b) Point mapping
Fig. 8. Normal volume mapping.

(a) Detail and control  (b) Texture space (c) Sampling

Fig. 9. Displacement map generation.

Figure (9) shavs how we samplethe texture imageat
regular intervals and record displacemens by rst map-
ping to barycentric coordinates given by Eq. (21) and
then interpolating the solutions to Eq. (19) for eat de-
tailed triangle vertex.

Figure (10) shows the mapping stored as an image.
Here we usethe model pelting technique introduced by
Piponi and Borshukov [37] for texture map generation
to produce a single displacemen map for our generic
control model. This provides an intuitiv e represeration
of detail for meshediting.

Fig. 10. A displacement map generated for a cyberware human
scan, white indicates max +v e displacement, black max -ve dis-
placement.

The detailed mesh can be reconstructed by subdi-
viding the control meshand displacing the new vertices.
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Subdivision is performed using edge split operations in
which ead triangle has 3 new vertices inserted at the
certre of eat edgeto produce four new triangles. The
new vertices are displaced along the cortinuous normal
by calculating the texture coordinates and sampling the
displacemern image at this point.

6 Results

The preseried framework for the recovery of layered an-
imation models has beentested on full body data-sets
captured using the Cyberware laser scanningsystem|3].
We would like to thank Cyberware for the provision of
4 human data-setsand the Stanford Computer Graphics
Laboratory for provision of Michelangelo'sDavid from
the Digital MichelangeloProject [32]. The David data-
set has been edited here to remove the plinth and the
connection betweenthe hands and the body.

6.1 Reconstruction

The high-resolution surface scansare e cien tly repre-
serted by a displacement map on the control model. We
assesghe represenation by assessinghe error in recon-
structing the original surface data-sets for eact model,
using the recovered model pose for ead data-set. We
measurethe mean and the root mean square (RMS) er-
ror from the reconstructed model surface$S; to the orig-
inal surface S,. If d(x;S;) is de ned as the minimum
distance from a point x on the surfaceS; to the surface
S, then the meandistancefrom S; to S; is givenby Eq.
(22), and RMS distance is given by Eq. (23). For trian-
gulated mesheshis distance can be calculated using the
Metro tool [12].

Z
1
d(S1; S2)mean = m d(x; Sp)dx (22)
1 ¢ :
. — . 2
d(S1iSrus = =3 25)) d(x; S)2dx (23)

Table (1) givesthe RMS error and Table (2) the mean
error in reconstructing the original data-sets. Michelan-
gelo's David has beenscaledhereto a height of 2m for
comparisonwith the Cyberware models. Mean error con-
vergesto the quantisation level in the displacemern map.
RMS error however is a ected by outliers in the recon-
struction and doesnot convergeto the quantisation level.

Outliers are causedby noninjectivit y in the displace-
ment map as described in section 2.2. Although the
cortrol mesh accurately ts the majority of the high-
resolution surface, there are outliers where the tting
fails and the detail mesh is folded with respect to an
unfolded control mesh. Where the surfaceis folded de-
tail cannot be represerted by a scalardisplacemern map.
Figure 11 showsthat errors occur at complex features of
the scannedmesh (hands) or at folded areas (armpits).
The problem may be countered by using a higher reso-
lution cortrol model and registering the control model
with additional feature points on the complex areas of
the body.
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#V ertices Modell Model2 Model3 Model4 David
LO 1056 3.67 3.82 5.02 4.50 5.97
L1 4216 2.27 2.27 4.06 3.54 4,73
L2 16840 1.93 1.97 3.89 3.43 4.47
L3 67344 1.90 1.93 3.91 3.42 4,52
L4 269336 1.90 1.93 3.91 3.43 4,55
e 0.48 0.47 0.40 0.38 1.46

Table 1. Root mean square error (/mm) to the original surface
data for the reconstructed models at 0,1,2,3,4 uniform levels of
subdivision (L), compared to the quantisation error in the dis-
placement map (e).

#V ertices Modell Model2 Model3 Model4 David
LO 1056 2.16 2.25 2.57 2.46 3.51
L1 4216 0.98 1.01 1.27 1.19 2.14
L2 16840 0.62 0.63 0.87 0.81 1.67
L3 67344 0.53 0.54 0.78 0.72 1.56
L4 269336 0.52 0.52 0.76 0.71 1.54
e 0.48 0.47 0.40 0.38 1.46

Table 2. Mean error (/mm) to the original surface data for the
reconstructed models at 0,1,2,3,4 uniform levels of subdivision (L),
compared to the quantisation error in the displacement map (e)

Fig. 11. Error distribution (/m) on reconstructed Cyberware
model at 0,1,2, and 3 levels of uniform subdivision. Error gures
generated using Metro.
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6.2 Animation

Animation using the layered model structure is demon-
strated in Fig. (12) for a Cyberware human scan. The
cortrol skeletonis driven from motion capture data and
the cortrol surfaceis smoothly animated. The cortin u-
ous normal de ned on the control model ensuresthat as
the control mesh deforms, the reconstructed detail de-
forms smoothly. Animation from the complete motion
capture sequencecan be viewed at [2].

Fig. 12. Framesfrom an animation, original model courtesy of Cy-
berware. Animation can be viewed at http://www.ee.surrey .ac.uk/
Researd/VSSP/3D Vision/Animatedstatues/

We alsodemonstratethe animation of Michelangelo's
David, Fig. (13). The complex pose and detail in this
data-set represert a demanding task in generating the
layered model for animation. At the feet and hands the
scansurfaceis folded with respect to the control model
and the reconsruction cannot match the detail of the
original scan. The reconstructed model in the original
poseis shown in Fig. (13a). At the left elbow, the body
poseproducesa complex surface deformation that can-
not be matched by the vertex-weighting schemeadopted
in this work. We nd that at the left elbow the cortrol
model becomesfolded with respect to the scansurface.
We therefore cannot animate the left elbow without dis-
tortion from incorrect surface mapping in the displace-
ment map generated.Animation of the rest of the body
is shown in Fig. (13b).

6.3 Level-of-Detail Control

The displacement map represeration provides seweral
desirable features for control of surface detail. Figure
(14) shows the result of a simple edit of the displace-
ment image with a standard image editing tool. Figure

Starck et. al.

(a) Reconstructed model (b) Reconstructed animated model

Fig. 13. Animation of Michelangelo's David, original model cour-
tesy of Stanford Computer Graphics Laboratory.

(15) givesa demonstration of static level of detail. The
models which are further away require lesslevels of sub-
division to give the impression of the same amount of
detail. Adaptiv e level of detail is also possibleand Fig.
(16) shaws the result of a nonuniform subdivision algo-
rithm which subdivides at areasof greater displacemer.

Fig. 14. Editing the displacement map, original model courtesy
of Cyberware.



Animated Statues

Fig. 15. Reconstructed model at dierent levels of detail
(L3,L2,L1,L0), original model courtesy of Cyberware.

Fig. 16. Non-uniform subdivision, original model courtesy of Cy-
berware.

7 Conclusions

We have preseried a framework for animating high-
resolution human surface data captured from commer-
cially available 3D active sensing technology. We use
a model-basedapproach, matching a generic humanoid
cortrol model to the densesurfacedata to provide a con-
trol model for animation of the surface. We register the
generic model with the data-set using a set of manu-
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ally de ned feature points and joint locations to recover
the poseof the model. The model is then automatically
matched to the data as a shape constrained deformable
surface, preservingthe original shape and parameterisa-
tion of the genericmodel. The shape constrained match-
ing ensuresrobust matching in the presenceof noiseand
missing data. Presenation of the meshparameterisation
ensuresthat the deformed corntrol model can be ani-
mated using the prede ned animation structure of the
genericmodel.

The technique is basedon a generic humanoid con-
trol model that can be optimised for model animation.
Surfacedetail is represerted asa displacemen map from
the low-resolution surface of the control model, provid-
ing an e cien t represenation of the detailed geometry of
the model and allowing cortrol over surfacedetail. Here
we usea single displacemen map generatedas a human
pelt [37] giving an intuitiv e represenation of the surface
detail for editing. This approadc providesa robust med-
anism for animating whole-body scandata with minimal
manual interverntion. Work remainsto provide our con-
trol model with a detailed surfacedeformation schemeto
simulate surface dynamics and to addressnon-injective
mapping of the high-resolution surface.
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