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Abstract

This paper presents a novel feature based paranagiten approach of human bodies from the unorgahiz
cloud points and the parametric design method émegating new models based on the parameterizathu.
parameterization consists of two phases. Firdtly, semantic feature extraction technique is appiezbnstruct
the feature wireframe of a human body from lasemsed 3D unorganized points. Secondly, the symemetri
detail mesh surface of the human body is modeleeg@y patches are utilized to gener@tecontinuous mesh
surface interpolating the curves on feature wiraa After that, a voxel-based algorithm adds detail the
smoothG' continuous surface by the cloud points. Finalie mesh surface is adjusted to become symmetric.
Compared to other template fitting based approadhesparameterization approach introduced inghjser is
more efficient. The parametric design approachh®gites parameterized sample models to a new hbatyn
according to user input sizing dimensions. It isdthon a numerical optimization process. The giyatd
choosing samples for synthesis is also introdukksinan bodies according to a wide range of dimesseam
be generated by our approach. Different from thehamaatical interpolation function based human body
synthesis methods, the models generated in our oslellave the approximation errors minimized. All
mannequins constructed by our approach have censifgature patches, which benefits the designnaation

of customized clothes around human bodies a lot.
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1. Introduction

In this paper, an approach for the parametric desighuman models is developed. The modeled human
bodies are parameterized for the following desigtomation of clothes around them. As a first steg,collect
a database containing the measurements of a repatge number of people. These measurements #rergd
from scanners that generate point cloud data. i@ ploud data is analyzed to build a wireframesimevhich
is then fleshed out into a complete surface modeltie human torso using Gregory patches to intatpo
curves in the wireframe. The complete mesh surfaderther updated according to the scanned pdigta
voxel-based approach. Since the complete meshcsuigawith a fixed structure and connection to espnt a
mannequin, every human model reconstructed in way has been parameterized. After the database is
finished, the ability of generating 3D parametetizziman models from input dimensions is providedo—
scanning is needed. The parameterization of humadelm is a necessary step for developing a design
automation system of apparel products. The paraipetechuman body by this method gives a point-tovpo
corresponding among a set of human body surfacistiaé same overall structure. This kind of pooypbint
mapping provides us the possibility to encode #iationship between clothes and a human body, cibed
around other human bodies can automatically benezgéed by maintaining the same relation.

The work presented in this paper is an extensiaoostructing feature-based human models for mglai
3D digital mannequin database [1]. Feature-basedahumodels are fundamentals for developing thegdesi
automation technology of customized clothes. Thauiees extracted from the human model are the major
contribution of the database to the fashion ingudtr [1-3], the feature curves and points areiagd as the
semantic features; however, recent developmendstfiat only feature curves and points are not ehdog
modeling 3D digital clothes around human modelatdre patches are actually required. In this paper
begin the parameterization with the unorganizeddlpoints of human bodies obtained from 3D lasansers.
The entire human body is subdivided into a certaimber of feature patches interpolating the givieua
points. The feature patches at the same locatiodiféerent human bodies are correlated, where th@id
geometric shape of a human model is given. Thagiparameters are given by feature curves. Bydhtife
entities (feature patches, feature curves, andifeatodes), the geometry of a human body is fidbistered
and parameterized.

Based on the parameterization of a human modetanesasily obtain its sizing dimensions throughuiea
curves. The parameterized models are stored inabase using the sizing dimensions as searchitgriari

After establishing the database, we can constraet models according to user input sizing paramebgrs



synthesizing selected models from the databass.|@&ils to the problems of how to select exampléetsaand
how to synthesize the models. In our approach,elecsa number of the closest example models tgitren
sizes; then, a numerical optimization approactpdiad to compute the weight coefficients of sysihimg the
example models. Finally, the requested model iggdad by interpolating the examples models wittindped
weights. This is named as the parametric desidofan bodies

The target example data size of our digital humatalthse is more than 5000 persons. Since humarisnode
born in different regions have different morphotodgeatures, the samples from different regions stoeed
separately. The working flow of our approach isadle illustrated by Fig.1. The parameterization has
phases: 1) the registration of feature wireframéis is based on the feature extraction technidgjue ¢bject
under our consideration are of the same clas$ieseedmantic feature extraction technique [1] idiagp 2) the
modeling of surfaces according to feature wirefraanel cloud points. After inputting sizing paramstéo
create a new human model, our synthesizer complgeseight coefficients for interpolation and intelates
selected examples by the weights — the paramedsigu result is then obtained.
b [
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Fig. 1 The procedure of parameterization and paametric design of human models

The major contributions of this paper are 1) aricedifit feature-based parameterization technique for

establishing a point-to-point corresponding amomsgteof human body surfaces with the same overalttsire,
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and 2) a numerical optimization based synthesibnigoe for constructing a new human body with tlye b
specified sizing dimensions — the resultant modti approximation errors minimized. As the exammiedels
are parameterized, the synthetic result is cestgoarameterized, which gives great benefits to dbsign
automation of cloth products around human models.

The rest of this paper is organized as followsraiviewing related works in section 2, sectiate8cribes
the necessary steps for registering a feature naimed on the unorganized cloud points for a humaty bim
section 4, Gregory patch is adopted to constfilctontinuous surface interpolating the feature wineie, a
voxel-based algorithm is applied to add detailgtensurface, and the human surface is made synunétre
numerical optimization based synthesis algorithmtifie parametric design of human bodies is giveseition
5, where the strategy of choosing appropriate el@ampdels from database is also described. Finaily,
section 6, the application for the design autonmatib customized clothes, which gains great beriafin the

technique presented here, is demonstrated.

2. Literature Review

The human body modeling methodologies in literatizne be classified into the creative approachedtand
reconstructive approaches. Anatomically based neosld¥, 5] can simulate underlying muscles, boaes],
generalized tissue. They fall into the creativeegaty of human modeling approaches. The interackdggn is
allowed in the anatomy-based modelers; howevesetimodelers require a relatively slow productioneti
Recently, a lot of the reconstruction approaches been investigated to build 3D geometry of human
automatically by capturing existing shape [1-2,]6/& mentioned by Seo and Magnenat-Thalmann [t@],
disadvantage of these techniques is that it is déficult to automatically modify the reconstrudtenodels to
different shapes following the user intends. Exased shape modeling technique [10-13] is a good
alternative to overcome this disadvantage. Our matac design algorithm borrows some idea from the
example based shape modeling. In the example-bsisede modeling, all examples must have the same
parameterization. Thus, our approach begins franptrameterization of a human model.

Related to the parameterization of unorganizedctlpaints, Ma and He [14] presented an approach to
shape a single B-spline surface with a cloud ohgspitheir work is further enhanced on fitting abhg
mathematical model of B-spline surfaces and Cat@ldtk subdivision surfaces to represent objectdh wi
general quadrilateral topology [15]; Barhak andckes [16] also presented a PDE based method aheut t
parameterization for reconstruction of 3D freefahjects from laser-scanned data. Sienz et al. d&vkloped

a fitting technique to generate computational gedmenodels of 3D objects defined in the form opaint



cloud. All the above approaches are pure geometented and feature technology does not benefintksh
construction process. Since human models are tebdtsed which fall in the same class of objectd wit
features, the recognized features on the scanmad! goints will benefit the surface parameterizatand
construction process.

Blanz and Veter [11] modeled facial variation usangeformable polygonal mesh. Their idea is toterea
single surface representation that can be adagptédall of the example faces. Each vertex’s gositand color
may vary between examples, but its semantic idemtiist be the same. Therefore, the main challenge i
constructing the deformable face is to re-paranmtethe example surfaces so that they have a tensis
representation — they adopted the 2D optical flovathieve that. However, in the case of whole hubwy
models, it becomes more difficult since the whotaly cannot be parameterized cylindrically. To salvis
problem, Allen et al. [9] developed a fitting methto register high-resolution template meshes tmilée
human body range scans with sparse 3D markers.r dpgroach is based on numerical optimization
computing, which is usually time-consuming as thenher of variables to be determined is three tithes
number of vertices on their high-resolution templatesh. Au and Yuen [18] discussed the issues qfiag
feature technology to the reverse engineering ohamnequin. In their approach, the feature modeh of
mannequin consists of the major features of theotéwr garment design. Fitting the generic featnoslel to the
point cloud yields the mannequin feature model specific person. This is achieved by optimizing tlistance
between the point cloud and the feature surfadejestito the continuity requirements. The procefsgheir
surface fitting is also very time consuming. Di#fat from [9, 13], the parameterization approactouhice here
is based on the semantic feature extraction. Afé¢ecting key feature points on the oriented clpoitits of the
human models, the feature wireframe and the fegtarehes are constructed successively. The congptitire
is greatly shortened in our approach as the featame utilized during parameterization.

In the feature based modeling field, object semsantire systematically represented for a specific
application domain; in other words, a semanticuiesais an application-oriented feature defined eangetric
elements. In our approach, the semantic featurespecific parts on a human body (e.g., waist, tcheg,
thigh, knee, ankle, etc.). There are two approafbrebuilding a feature model [19]: 1) The designfbature
approach creates the feature model of an objecbbyosing the available features in a feature fjhr2) The
feature recognition approach recognizes variousufedfrom a geometric model of an object accordimghe

feature templates defined in a feature librarysTgaper follows the second approach to extracufeaton the



scanned cloud points of a human model. Relatedreises about freeform feature extraction can baded in
literature (ref. [20-23]). Our feature extractidgaithm borrows some idea from them.

In the approach of Seo and Magnenat-Thalmann [tb@ly adopted the radial basis functions (RBF) to
interpolate scattered human examples. The finatpaiation of linear combined radial base functiomstches
the examples exactly. However, if the specifiedhgiparameters has no exactly matched human moadzhg
all the examples, the interpolation function onliyeg an approximated human model of the input gizin
parameters. The approximation errors are not cledroDeCarlo et al. [15] showed the application of
constrained optimization on building an anthropaiodace model. Our parametric design algorithnals a
numerical optimization based approach, but thentpéd variables are not the position of each verteke
weight coefficients of synthesis are optimized.f@&#ént from example based modeling methods [10-t3,
optimization based synthesis approach minimizes approximation error. Accurate results are given if
appropriate examples are chosen. If inappropriegenples are utilized (e.g., the specified sizingeahsions are
out of the size range among all examples), ouragr can still determine a human model with theimiized

approximation error comparing to the given dimensio

3. Feature Wireframe Construction

The input cloud points in our approach is assurndtaive no noisy points, and have its orientatigadi—
facing thex direction. During feature extraction, theaxis is defined to point out of the screen, yhaxis is
horizontally pointing to the right in the screemampd, and the-axis is vertically pointing upwards in the screen
plane. The raw scans have to be filtered and net&deto satisfy our input requirements (e.g., uding
algorithms presented in [1]). Building the featwigeframe consists of three steps: 1) extractirgktby feature
points on the cloud points; 2) using anthropomatriales to determine the semantic feature poBijtdinking
all the feature points by feature curves interpotpthe cloud points. The linked feature points &mal linking
feature curves constitute the feature wireframe,ttipology of which keeps consistent to all proeddsuman

models.
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Fig. 2 Key feature points on a human body

3.1 Key feature points

The key feature points on the surface of a humatybacluding the underarm points, the crotch pctiné
belly-button point, the front neck point, the bawck point, and the busty points (illustrated ig.E), must be
extracted first. The fuzzy logic based approachigidopted here. The basic idea is that: usingesolanes to
intersect the 3D unorganized points of a human soglyan or projecting points onto some planes taint2D
contours. We can determine turning points on thec8Btours by the “sharp” angles along the contailere
the definition of “sharpness” follows the fuzzy logoncept. On a 2D polygon, if the positions akthadjacent

points p;.1, p;, and p;,; make the value of anglep;.,p; pjs;, sSmaller than a threshold, we say thmtis a

turning point. With the help of turning points, wan detect the key feature points. The procedueedréefly
described as follows.

For the crotch point, cutting the human body fritgriz height downwards, once the intersection bietk
two circles, the crotch poirR.qh is located at the center of the bounding box af tegs’ contour (ref. [1]).
After projecting the right view of a human bodydibtain its silhouette (see the left part of Fig.l#sed on two
turning pointsP; andP,, we have determined the position of the front ngoikt (byP,;) and the height of the
busty points,Hpsty (according toP,). Then, the closest point on the right boundarythef silhouette P
indicates the location of the back neck point. Tibigght from the back neck point to the highest pofrscan is
the head heightleag The height of belly-button is usually about thegmt of crotch pointcocn PIUS Hiead
Thus, by cutting several horizontal planes aroumadheight ofHc qen + Hieaq (right lower part of Fig. 3), if the

turning pointP, is determined, it is the belly-button point. Tatetenine the exactly busty points, we cut the
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cloud points at the height ¢f,.sy, to obtain a contour as shown in Fig. 3, the leWdst point and the right
lowest points on the contour are the two busty tsoiAfter the height of the belly-button poilt., and the
height of the back neck poitty.cmeck are determined, the height of the underarm pbigteam Can be
computed by an anthropometrical equatibipigerar Hpelly +0.55Hpackneck-Hiely). Therefore, we cut the cloud
points there and find the 4 turning points on thatours. The underarm point is in the middle of filemt and

the back turning points on the cutting plane (Sge 3.

Turning Points

Underarm
Points

button Point

Fig. 3 Determine the key feature points

Based on the above methods, the key feature poamsbe automatically determined on more than 85%
samples. For the 15% examples that lead to thereito extraction fail, we need to manually locdie key
feature points on the scans (which is similar §§.[9
3.2 Semantic feature points

The location of the semantic feature points on shgface of a scanned human body can be roughly
determined according to the anthropometrical rbkeghe key feature points. To accurate locate Hmasitic
feature points, we should also adopt the featuteaetion algorithm with fuzzy logic concept (rell]]. The
basic idea is similar to the approach of detedtieg feature points — using cutting planes and ptia planes.
The unnecessary detail of the procedure is omhtx@. An example result of the key feature poimtd tne
semantic feature points extraction is as shownign #4a. Every semantic feature point has its apthneetrical
meaning (e.g., the middle-front-knee points andtwe outer-side-ankle points are specified in Big),and the

overall structure of the semantic feature poinfsxed (e.g., a knee point cannot appear at thevellegion).



3.3 Wireframe structure

Now, to construct the feature wireframe, we neelihtofeature points with parametric curves. Thekiihg
curves are called feature curves as each curvéthasmantic meaning according to sizing dimensieng.,
four bold red curves specified in Fig. 4b give firal left thigh girth). The curves should passotmgh the
feature points and approximate the shape of scahoethn bodies. The parametric curves utilized in ou
implementation are"4order Bézier. Each curve has four control poifitee first and the last control points are
coincident with feature points, so only the midth® control points can be adjusted to approximiagescanned
body shape. Every feature curve lies on a planéshms determined by the anthropometrical ruleg.(ethe
plane to determine lower waist curves passes thgbb#on and parallels the ground). When computing

control points of a curve; , we first intersect the cloud points by the plaoataining this curve to obtain a

contour of points (e.g., the red points in Fig..5bhen, using the semantic feature information #red two

endpoints ofc; to select points for approximating the featureveufe.g., see the red points in Fig. 5c¢). Here,
the semantic feature information is usually a bdmgdox to specify where is the possible regioncef.

Finally, a least-square fitting [24] is adopted determine the positions of middle 2 control poirthe
procedure of computing an example feature curvene- gegment of chest curve is shown in Fig. 5. After
determining all feature curves, the feature wingikeais smoothed by adjusting the control points eb |
neighboring coplanar curves ha@ continuity. As the feature curves are actually sseement curves for
sizing dimensions, by the feature wireframe, thié dimension table of a scanned human can be easily
calculated.

Since the feature wireframes are consistent tdvathan models, topology graphs by connecting feature
curves with face entities are also consistent kdhatnan models. This topology graph is a startiognfpof
generating feature patches interpolating the featumireframe. Fig. 4c shows an example topology lgrap
according to the feature wireframe shown in Fig. s easy to find that not only 4-sided patches also 5-

sided patches are included.
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Fig. 4 Feature wireframe and it related topologygraph

(a) two feature points to be linked (b) the contouof points by intersection

(d) resultant feature curve (c) point to approximde the curve

Fig. 5 Steps of determining a feature curve

4 Feature patches Generation

As mentioned at the beginning of this paper, aufeahuman model without feature patches usuallyemak
troubles to exactly locate cloth vertices when gieisig them around the body. For example, if thatjprsof a
vertex actually needs to be determined by pointsaopatch, encoding its position by the points oe th
boundaries of the patch may distort its final lomat Also, without the in-between surface inforroati the
shape of a human model is not well defined. Theegfiocluding feature patches is necessary to anpeterized

feature human model. The generated feature pasimsd interpolate the feature wireframe constidigte
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section 3, and maintain enough details from thadtleoints. In this section, the feature patchesrjpalating the
feature curves are first generated usBrggory patch25, 26]; the feature patches are then updatedrdicg
to the scanned points by a voxel-based algoritima]lf, the mesh surface is adjusted to become sstnicn
4.1 Interpolation surface

We start generating the feature patches from thelogy graph of a human body. By each face on the
topology graph, we fill a Gregory patch which iqtelates not only the feature curves, but also tlessc

tangents.

Xk+1

Fig. 7 R; of a Gregory patch with five sides Fig. 8 Define a Gregory patch

Let P(u) : 0Eu£l and Q(v): OEVELl be two regular curves A3 with P(0)=Q(0), and

Te(u):0£u£l and To(v) :0£VEL be two C* vector functions inA*® satisfying Tp (0) = dg(v) and
v v=0
_dP(u) . . .
To ) = , theGregory corner interpolatoof the four, {P(u), Q(v), Tp(u), To(v)}, is a surface in
u=0

A3 defined by

VT§ (0) +uT§ (0)

r(u,v) = P(u) +vTp (u) + Q(v) +uTy (V) - P(0)- vT; (0) - uTo (0) - uv =Y

1)
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The Gregory corner interpolator functigifu,v aprees withP(u )and Q(v) along the two sides (i.e.,

r(u,0) = P(u) andr (0,v) =Q(v)) (Fig. 6). Also, its partial derivatives with resy tou andv agree withT, (u )

and T, (v ) along the respective sidesw =Tp(u) andw =Ty (V) sinceTp (0) =Q¢ (0)and
v=0 u=0

To (0) = P(0) . For ann-sided 3D surfacen such interpolator functions can be defined onrtlerners; the

final surface is the weighted sum of théunctions [25-28].
The parametric domain of a Gregory patch witkides is defined as a unit length reguiegon in the

Xx- h domain. We name the parametric domain of a Gregmich G as R; , where all cornersx
(k=01 ,n-1) are ordered in the anti-clockwise (as shown t F). Given a pointX = (xg,/, )nside R;,
when computing its three dimensional position dedinby a Gregory corner interpolateyf(uy,vy) , the
parametergu,,vy) of the point corresponding to tkeh corner X, are defined as

dy.1 dy
dy.q+dyyg dyp+dy

(2)

(U, vi) =(

whered, represents the perpendicular distance frgnto the sideX, X, . It is easy to find that i{x,,/, )
lies on the sideX, X1, v =0 sinced, =0; if (xy,/15) is on X,.1Xy, u, =0 sinced,_; =0; when (xy,/, )
and X,,; coincides, we have, =1 by equation (2); and whefx,,/, and X,_; coincides, we have, =1.

If Co(u), Ci(u), ..., C,.q(u) aren regular 3D curves that form a closed loop in thizeensional space,
thatis C, (1) = Ciisyymoan (0) (k=01 ,n-1), andT¢ (u) T (u), ..., Te, , (u) aren continuous 3D vector

functions defined on the, (u) s respectively, th&regory patctof C, (u) s andT¢, (u) s is defined as a mapping

from R; to A3
n-1
G(X)= wi (X)ry (uy (X), v (X)) )
k=0
~\ 42
Od;
where w, (X) = n_'ll L , andry (u,,v, ) represents the Gregory corner interpolator funcfir the kth
Ogd;
1=0 jt1-11

corner of the four items@, (u ) C,(V), Te, (U), T, (V) }, Cy(u) =Cy (- u), andT¢, (u) =T, @- u).
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In our feature patch interpolation, ti(u s are the feature curves in a feature wireframeatvdhe the
Tc, (u) s? After the topology grap@ of a human model is determined, the cross nofjabf theith edge on
C is computed by normalizing the mean of its leftefamormal and right face normal. Title edge onG has a
corresponding feature curvg,;(u . )As C;(u) is a parametric curve —"prder Bezier, its tangent vector

function satisfie€". Thus, we determingc (u By

R (S (1))
Tc, (U) = N; o 4)

which also satisfie€' continuity. To have a continuous connecting actibss feature curves, the Gregory
patches on different sides of a feature curve shbalve the same number of grids along the cung. ¥a
shows the topology graph with cross normal vectlisplayed as short black line segments; in Fig.s@ime
Gregory patches have been filled on the featurefraime; Fig. 9c, 9d, and 9e give the result ofradirpolation

patches generated.

]

R R

et

a I

(a) topology graph (b) curves and (c) all feature (d) the mesh (e) checkeroard
with cross normals patches on a patches generated  structure of the pattern to verify
human body patches the feature patches

Fig. 9 Gregory interpolation of feature patches

4.2 Surface refinement

From Fig. 9c, it is found that the interpolationrfage does not give necessary detail of the hunoaly's
surface. To add the details, we introduce an algworio iteratively improve the fitting accuracy bynimizing
the shape difference between the mesh suffa@nd the scanned data. To have a better perfornatnite

computing speed, a voxel-based technique is adoptesl procedure of surface refinement consistshdet

13



basic steps: 1) voxel construction, 2) vertex pmsitipdate, and 3) mesh relaxation. The secondtandhird

steps are executed iteratively until a satisfiedhmie obtained.

Voxel Construction: The work in this step is to prepare voxels fodaging the position of each vertex on the
interpolation mesh surface. If the size of eacheViscchosen ag (the criterion of choosing will be given in
the description of the second step), and the bogndiox of scanned cloud points is determined as

. ., X - X
Kmin» Ymin » Zmin)~ (Xmaxs Ymax: Zmax) » W€ can constructm” n” | voxels where m=-T&_—T0 +7

Z Z

Ymax =~ Ymin +1. andl = max ~

n= min_+1. Each voxel contains a list of points within a cifie range of

coordinates. For a vox#/, ;  , its range of point coordinates is
[id+ Xmin v(i +1)d+ Xmin ), [jd+ Ymin v(J +1)d+ Ymin ), [kd+ Znin v(k +1)d+ Znmin )

Thus, by the index of a voxel, we can easily figoue the points within a range in a constant comguime.

/R
2L / . M

Fig. 10 Effective regionC around a vertex

Vertex Position Update For every vertex on the interpolation surface,update its position by the points in a
cylindrical region around it. As illustrated in Fi§O, for a vertexq with its normal directiomy on the mesh
surface, all scanned points in the reg@rspecified byr andL should be considered. Here we use a threshold
of r = 1.125cm and. = 1.5 cm in our experiments. Among all the scanpeitts fall in G, we search out a
point p that is farthest t@. The vertexg is moved to be coincident wiftn To accelerate the point-selecting
computing, the voxels constructed in the first sgeptilized. If the coordinate af is (X, Yo, Z;), only the points

in the nine VOXelSVjj 4-1.4+41, ji [5- 16411,k [g-1+1] ATE tEStEd, Where

= Ymin

Xg = Xmi Zy = Zpnyi
a=INT(——" dm'”),bleT(yq - ), 9= INT(——"1)

d

with INT(...) computing the truncation of a real number. Efare, the chosen af is related to the value &f
When lettinga = L, all possible scanned points falling @ have been include in the voxels whose indexes
satisfyil [a-1a+1], T [b-1b+1],andkl [g- Lg+ 1].

14



Mesh Relaxation Simply updating the position of each vertex\iby the above point selection procedure will
not result in a very attractive mesh, because heighg parts oM could get mapped to disparate parts on the
scanned data. To overcome this disparity, theivelateformation between vertices withihis expected to be
minimum. Also, the vertices derived from the feataurves should be constrained on the feature suieen

the current position of a vertgx the relaxation energy gtis defined as
E= (vid]- 194)? + Erc (5)
i
wherev; is a neighboring vertex aj on M, I\?jq is the distance between andq on M before the surface

refinement, andt-c is the energy defined on the vertices lying oratudre curve. In a polygonal mesh, not only
the vertices with edges connectimfput also other vertices on the faces contaigimgthout edge connecting to
g, are called its neighborhood — so when compuEinthey also need to be counted. Haoriginally lies on a
feature curve, we have

Erc =(a- %)2 (6)
whereq, is the position ofj on the feature wireframe; otherwidg: = 0. The mesh relaxation is actually the

procedure of minimizing the energvertex by vertex.

The mesh refinement is performed by iterativelyning step 2 and step 3 until the average distance e
between the vertices okl and the scanned points is less than a threskoldur implementation adopts
€ =0.1mm). However, the refinement result is anndygthe high frequency noises in the scanned claiitp
— see Fig. 11c, the noises effect the smoothnesssoftant surface a lot. We simply solve this peobby
applying the ¥-order fairing operator [29] on each vertex oneetiafiter every ten iterations of step 2 and step 3.
The final refinement result with all the factorssa@ered is much better (e.g., Fig.11d). Benefithgysemantic
feature technology, the surface construction caffirbshed within one minute on a computer with szl

settings (PIIl 900 MHz CPU + 256 MB RAM), where theanned point cloud has about 100,000 points.

15



A

(a) interpolation surface (b) scannéd data (c) witmoises (d) result withe = 0.1

Fig. 11 Surface refinement

4.3 Making symmetric

The human body generated from the scanned dataually asymmetric. When the human model is
generated for sizing survey or for mannequin mastufang, the symmetric models are requested. # ithithe
case, the refined mesh surface has to be furthelifiedh Let us name the resultant surface afterhmes
refinement ad1”, the feature wireframe &, and the scanned cloud pointsSasFirst of all, the entire data set
of a human body includiniyl”, F*, andS" are transformed to let the crotch point on theiorifor every feature
curveC in F7, there is a dual curv@* in F*, where they should be symmetric on a symmetriefrdme. Also,

for each feature node in F*, there should exist a symmetric dual n®&eof it in F*. By this property, we can

construct a feature wireframié~ which is symmetric td=". In detail, for each feature noe we update its
position by the mirrored coordinate Bf according to the-z plane, and vice-versa; for each feature c@yits

control points are updated by the mirrored copthefdata points o@*. Then, we mirror the coordinates of all
points inS’ to obtainS™ . After applying the surface interpolation and mefnent algorithms off~ and S,
we obtain a refined mesh surfabk™ of the mirrored human body. The symmetric modeflege is obtained by

_MT+M-

the interpolation oM" and M~ : M S ; at the same time, we can have the symmetric reatu

F*+F"

wireframe FS by FS = . Fig. 12 shows a set &f, F*, M", S", F~, M~ , M®andF®,
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Fig. 12 Making symmetry

5 Parametric Design of Human Model

All the parameterized human bodies are stored 3D aligital human model database. When we have
enough data, a new human body can be generatertamto the specified sizing dimensions by syniting
example models fron® . Giving different sizing parameters, different lranmbodies can be synthesized — so
called the parametric design of human bodies. Oightrask why not just modify the sizing parametelated
curves in a feature wirefranteto satisfy the given dimensions input, and théft #fe displacement map of the
human model mesh onto the modified wireframe. Hason is that such an approach hardly guarantakstice
shape in the resultant geometry. To guaranteeethléstic, an example-based synthesis approachoistedl In
this section, the numerical optimization based tsysis algorithm is first introduced, and followey the

strategy of choosing examples for the synthesis.

5.1 Example model based synthesis

A smooth interpolation is sought to transform ti@ng dimensions into a model in the body geometric
space by using scattered examples as interplardaay Mxample-based methods [10-13] adopt matherhatica
interpolation functions to describe the interpaatihowever, no matter how accurate an analytitatpolation

function is, the approximation errors are not colfed when the given parametric vector has no ¢dent
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example in the sample set. Therefore, in order iwnmize the approximation errors, we adopt a nuoari
optimization based scheme here.
Assume that we hauve human bodiesH; (i = 0, ...,n-1), the synthesized human body can be obtained
through interpolation as$lg = 1(wy, Hgy, Wy, Hy, W4, H,.; Wherel( )is the interpolation functionys
n-1
are the weights of interpolation satisfying w; =1 andw; 3 0. We also define a measurement function
i=0
Y v (H) whose input is a human bodf{; and output is a dimension vector léf Forming a vectob by the

input sizing parametersﬂ)(,\,, (H) - D|| gives the difference between the given human bddyd the specified

dimensions of parametric design. Also, in ordentwease the degree-of-freedom, every human exarhman

be scaled by a scale factar during the interpolationd; * ) Therefore, based on a set of example human
bodies:H;s, the problem we are going to solve here is terdehe the weights of interpolation and the scale
factors.

Setting a vectorX containing 2n scales to be determineX = Wy, Wy, ,W,.1,%,:S,, Sn.1 »)the

W Wl w2
synthesis human body oX is determined byHg = I(——,s3H,,——~—,s?H,, ,—1
N N N

2
+Sp-1Hn-1)

] =w; . Thus, when iWiz 1 0, the requirements onv, 3 @nd g; 3 O are

where s? =a; and
M
satisfied by any. The vectoiX is the variable to be determined during the omation. The synthesis human
body can be considered as a functionXof H(X). The parametric design is formulated as an opttion

problem, where we search for a configuratioXdéads to the minimum difference betwdé¢yand the inputs:

. 2
min Y (Hs(X)) - D| )
Based on the above equatial{X] =Y, (Hs(X))- D||2 is defined as the objective function of numerical

optimization. At the beginning of optimization, thialues ofX are given as¥ =s; = 1To ensure in 10

we just simply fix the value ofy, when allu? <10°® during the optimization.

We compute the optimizediwith respect toX by a conjugate gradient method which includesitérative
process of computing gradients at curpéreind searching an optimum point along the conjudaeetion [30].
The gradients are computed numerically. The unsacgsietails of the conjugate gradient method anited

here. During the iteration of optimization, the walof objective function decreases while the numndfer
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iteration increases. Usually, these two factorsuilezed together to give the terminal criteriohiterations.

Ix']- ax|
Thus, our terminal condition is either J[XO]

< e or the iteration number is greater thah,,,,

where J[X' ]is the value of the objective function in titie iteration (current value)J[X° ik the value of the
objective function before optimizatioMN ., is the maximum iteration number, aedis a small number (we
choosee = 001 %and N, = 100in all of our testing examples). Since tNg,(  function only has

relationship to the feature wireframe of a humadyhdo speed up the numerical optimization, therimblation
is only applied to the feature wireframe but nat thesh surface of a human body during optimizatidter
determining the interpolation weights and the saatgghts, the mesh surface of the new human madel i

generated at the final step.

5.2 Example choosing strategy
To support the numerical optimization based symshalgorithm, appropriate examples are requiredeto
performed as interpolants. Thapropriate here means both the appropriate number and theslmaedth

appropriate sizing dimensions. Our example choosiraggegy gives constraints on both of them.

Let's consider the number of examples first.Yif, (H) = iW‘YM (H,), by the theorem of linear
algebraic, form input sizing parameters, we need as leabuman models whose returned vectors/gf ( )
are not linear correlated. However, we cannot guagY \, (H) = iWiYM (H;) as the measurements may

be nonlinear to the synthesis; so the number ofmples can only be determined by experiences. Tamyma
examples lead to long computing time for the sysithalgorithm, while too small amount of examples c
rarely get a human model fully satisfying the givdimensions (can only give an approximation). Froun
testing experience, usidgn models with appropriate dimensions usually workd.w

For a vector of input parametdds the distance from a human mogeto D in the sizing parameter space
is defined as the Euclidean normf, (H)- D as

L=|Yw(H)- D|. (8)

In our example selecting strategy, the smallas given from a human modél, the more appropriate the
human body is to be served as a synthesizing exampl

In summary, by a give® with m components, we sort all model in the 3D digitafamm model database

P according to theiks in ascending order. Then, the fidsh models are selected as examples for the synthesis
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algorithm. If the optimization gives inaccurateuksccording td (i.e., the iteration stops at thi,,, criterion

and the returned value df X] exceeds some threshold), atddnore models as the examples. The algorithm

repeatedly selects models, and synthesizes moddilstibe new model with accurate dimensionsDois
obtained. The same as other example-based appsydlstseapproach also relies on the number of nsostere

in P . Thus, building a 3D digital human model databagh a large number of models is quite an important
work. To let the synthesized human model have tbghology features of geography, the human modais b

in different regions should be stored separately.

ny =0.013 w; =0.001 w, =0.025 uy =0.009 wy, =0.017 w5 =0.064
S =0.998 s =0.985 $,=0996 s,=0979 S4 =0.999 S5 = 0.996

j Interpolation

Height: 158cm
Bust Girth: 93 cm
Waist Girth: 70 cm
Hip Girth: 93 cm

Fig. 13 Synthesis of a human body
5.3 Synthesis results
With the input sizing parameters, we can consteuddt of different human bodies. Fig. 13 shows an

example female model generated by inputting siziatameters (the parameters are listed in the figtine
utilized example models and their final weights anéles for synthesis are also depicted. Fig. dwsta serial

of female models according to different paramelisted in Table 1. In Fig. 15, six male models gemerated
according to the dimensions given in Table 2. Eyshows the parametric design results of the femmaldels
with the same height but different hip sizes, aigd E7 gives the resultant male models throughipeg the

same height but different waist girths.
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(a)

(b)

(€)

(d)

Fig. 14 Female models generated according to tdanensions listed in Table 1

(e)

Table 1 Input sizing parameters to generate feni@ models in Fig. 14

(f)

Model | Height = Neck Girth Bust Girth  Under Bust  Wagtth  Hip Girth  Inseam-Length
(a) 159 32 85 74 66 89 69
(b) 168 32 83 77 66 90 77
(c) 165 39 107 94 92 108 70
(d) 163 33 92 77 72 95 70
(e) 156 31 85 73 65 87 67
U] 159 34 95 82 75 96 68
Table 2 Input sizing parameters to generate malmodels in Fig. 15
Model | Height Neck Girth Chest Girth Waist Girth HBarth Inseam-Length
€) 175 42 110 105 109 74
(b) 184 39 97 84 101 84
(c) 169 39 95 86 98 70
(d) 175 40 98 85 99 76
(e) 170 40 100 90 99 69
0] 174 45 115 112 114 71

(a)

(b)

(€)

(d)

(e)

Fig. 15 Male models generated according to theérdensions listed in Table 2

(f)
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Hip:88cm Hip:92cm Hip:96cm Hip:100 cm Hip:104cm Hip108cm Hip:112cm
Fig. 16 With hip/height ratio changed (Height:166m)

Waist:76cm Waist:80cm Waist:84cm Waist:88cm Waist:92cm Wiat:96cm

Waist:100cm Waist:104cm Waist:108cm Waist:112cm Waist:Bcm Waist:120cm
Fig. 17 W.ith waist/height ratio changed (Height:Z5cm)
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6 Application for Design Automation of Customized Clothes

The application, which gains the greatest benedinfthe technique presented in this paper, is #sgd
automation of customized clothes. The most sigaifiaifferences of the human model generated spghper
and the feature human in [1] are the feature patchige human model generated in [1] only have featurves
but not patches, so the clothes generated arowntithhan model can only be encoded on feature cumves
feature nodes — which greatly limits the freedondes$ign. When having the feature patches providetthis
paper, not only structure curves which are thetieatencoded in [3], but also the entire mesh sartd a piece
of cloth is encoded around the feature human bédy. 18 gives a preliminary example of the design
automation of customized apparel products. Aftegigieng and encoding a piece of waistcoat and eepad
pants on a parameterized human bbidwhich guarantees fit, the encoded relationshipvéen the clothes and
the mannequin can be applied to different human aisotb generate the customized 3D clothes fitting
individual bodies — so the design automation ot@uized apparel products is implemented. Hgare from

the synthesis results previously shown in Fig. 14.

Hl H2 H3 H4 H5
+ + + + +
m— — ‘ Encoded Relationship
Design Relationshipt- 4 a a iyt

Encoding

Fig. 18 Example of cloth design automation benigéd from the technique of parameterized mannequins
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7 Conclusion and Discussion

A new framework for generating feature-base whaimén bodies according to the specified measurement
dimensions is presented. Our contributions includethe feature based parameterization approadiuwian
bodies from the unorganized scanning points, wiichore efficient than the template fitting approes; 2) the
numerical optimization based example synthesis ately giving sizing dimensions, where the approxiom
error is minimized. The constructed and synthesieadlure models by our approach are patch-basedptso
only feature nodes and curves but also featurénpatare modeled. These feature entities give fegafits to
the successive design automation of customizetiedotAn example application for showing this berisfalso
included in the paper.

There is one hidden assumption during the featomet gxtraction — though not necessarily identitiad
posture of the scanned human body is similar.dfgbsture is quite different, the feature extractitethod may
give incorrect resultant points that will lead thdure of our parameterization approach. In tlise; we need to
specify the key feature points on the scanning tpamanually. A possible future work is to employnare
robust feature extraction algorithm for the keytdea points.

Our parametric design algorithm is example-basedf, the specified dimensions are out of range. (el
hip to height ratio is much greater than all exaeamtored), the resultant synthesized human bolilyusi be
an approximation of the given sizing parametergthrer words, cannot achieve the exact given diinass|f
this is the case, one possible future work is tthr modify the feature curves to satisfy the gidmensions,
and then shift the displacement map of the syrzkdsimodel to fit the modified feature wireframe.eTh
drawback is that the resultant model might be feafistic since it has been manually modified.

Finally, another research possibility is relatedtib@ input. Current input of the human construction
approach presented is limited to the sizing dinmmsi Photo is another convenience input for cooshg a
three-dimensional model of a human body. Therefaseare going to borrow the idea from [2, 7] to elep a

new method of human model construction by this inpu
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