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Abstract very expensive. They do not account for the wide variabil-

. o . ity of cloth designs and are less relevant for the vision tasks
Cloth modeling and recognition is an important and

: X 7 . mentioned above.

challenging problem in bOth vision and grgphlcs tasks, such There are three major challenges in cloth representa-
as dressed human recognition and tracking, human sketchtionS
and portrait,  In this paper, we present a context sensi- 1 . Geometric deformationsclothes do not have static
tive grammar in an And-Or graph representation which will ' .
produce a large set afomposite graphical templatesac- form and are very erX|b_Ie.. . _
count for the wide variabilities of cloth configurations, such - Photometric variabilities large variety of colors,
as T-shirts, jackets, etc. In a supervised learning phase, weShading effects, and textures. . .
ask an artist to draw sketches on a set of dressed people, 3- Topological configurationsa combinatorial num-
and we decompose the sketches into categories of cloth andper of cloth designs — T-shirts, jackets, pockets, zips, suits,
body components: collars, shoulders, cuff, hands, pams,sweaters, Coat_s where _cloth components may be reconfig-
shoes etc. Each component has a number of distinct sub4réd and combined to yield new styles.
templates (sub-graphs). These sub-templates serve as leaf- In this paper, we present a parsimonious yet expressive
nodes in a big And-Or graph where an And-node representsrepresentation for clothes, motivated by the success of two
a decomposition of the graph into Sub_configurations with sketch based methods. (l) Artists can draw concise sketches
Markov relations for context and constraints (soft or hard), ©Of clothes and human body that capture the most essen-
and an Or-node is a switch for choosing one out of a set tial perceptual information[7]. (i) The recent primal sketch
of alternative And-nodes (sub-configurations) — similar to model[3] — an attributed graph representation with a dictio-
a node in stochastic context free grammar (SCFG). This nary of image primitives aligned through landmarks — can
representation integrates the SCFG for structural variabil- reconstruct generic images with almost no perceptual dis-
ity and the Markov (graphical) model for context. An algo- tortions. We adopt a sketch graph representation like the
rithm which integrates the bottom-up proposals and the top- Primal sketch. Each stroke (long curves) of the sketch may
down information is proposed to infer the composite cloth correspond to (a) folds of clothes, (b) sewing lines, (c) oc-
template from the image. cluding boundaries, and (d) shape outlines.
) The geometric deformations of clothes are accounted for
1.Introduction by the flexibility of the sketch graphs, and the photometric

Modeling human clothes is an important and challeng- variabilities are accounted for by the rich image primitives
ing problem in many vision tasks that involve recogni- Whose parameters control the photometric variations. In the
tion of dressed people in natural environments, such asrest of the paper, we focus mostly on the study of topologi-
detecting[4, 11], tracking[5], surveillance, HCI, identifica- cal configurations — a central theme in this paper, which has
tion, human sketch and portrait for graphics rendering[2] not been studied in the vision literature.
etc. Despite intensive studies on the problems of “look In a supervised learning phase, we collect a set of hu-
at people” in the past decade, there is, to our best knowl-man images and sketches drawn by an artist. An example is
edge, no good model dedicated to realistic cloth modeling shown in Fig 2.a-b. We remove one layer of the strokes that
and recognition. The closest work that we can find are sil- corresponds to shading folds and textures (Fig. 2.c). The
houette, contour, blob and region representations[6, 4]. Inremaining graph (Fig.2.d) is decomposed into a number of
graphics, physical based models[8] are mostly used to cresubgraphs focloth componentgFig. 2.e). All subgraphs
ate realistic visual effects of drapery and animation. Suchacross the dataset, together with their neighborhood, are
models involve a large amount of polygons (mesh) and aregrouped into categories for collars, shoulders, cuff, hands,



pants, shoes and each has a number of possible structures () and-node
(See Fig. 4). These subgraphs have “bonds” that tell them
who to link with to compose bigger structures (see Fig. 6),

and they are combined using the context information to

form a wide variety of clottconfigurations For example, Ve " A A
Fig. 5 shows three novel upper cloth configurations using Br——— G- ——— B
some sub-templates in Fig. 4.

A crucial technique problem is: how can these compo-
nents be composed into valid clothes? What are the rigorous
mathematical models to govern the computation? E F G | é

To account for the topological configurations, we build
an And-Or graph, which is widely used in Al search [9],
as an overall representation of clothes. An example is il- . B 4 ) K
lustrated in Fig. 1. The And-Or graph is also used in the \LE—=ME AN — A0
previous work [16] to present an attributed grammar in a
generic rectangle parsing problem. The And-Or graph for
clothes are quite different and more complicated. Each ter- p Q0 (R T @
minal (leaf) node (squargs— 11) represents a component
or sub-templates. Different sub-templates in the same cat-
egory are represented by distinct leaves. The non-terminal i

2

s or-node

-’

O leaf node

nodes are divided into And-nodes whose children must be
chosen jointly and Or-nodes of which only one child can be
selected to express the alternative components. Intuitively,

an And-node expands the configuration and an Or-node is a A graph configuration

switch between alternative sub-configurations. The And-Or _ @\

graph should be distinguished from a tree because the graph 4/8,\97/ - A = 5203

has horizontal edges (dashed) to specify the spatial relations - :Z = \E
and constraints among the components. A specific cloth ~~_ |9 _-"
configuration, say a jacket, corresponds to a subset of the BES ~ _-.Ch7
And-Or graph (see the dark nodes and arrows). Thus one

And-Or graph is like a fhother templatewhich produces Figure 1. An illustration of the And-Or graph representation. The
a set of valid cloth configurations ebmposite templatés dark arrows and shaded nodes represent a composition of 4 leaf
A composite template is made of a set of leaf nodes (sub-nodes (1,6,8,10) each beingab-templateThis generates eom-
emplaes). Forexampe et nodkest . 10) i 1 Do e s
form a composite templatg. Thg spatial relations between](rom the And-Or graph.

the chosen leaf nodes are inherited from the And-Or graph.

For example, the relation between nodes 1 and 6 is inher'categories to the edge maps. The matched graphs are de-
ited from nodes B and C in Fig. 1, and the relation between formed through diffusion to the exact boundaries in the im-
nodes 6 and 8 is inherited from nodes N and O. These re-age. Overall computation follows the Bayesian inference.
lations help to link the subgraphs (components) together to  The context sensitive grammar and composite graphical
form a valid representation. In fact, the And-Or graph em- template is a general modeling framework. We used cloth
bodies acontext-sensitive grammavhich can generate a modeling and recognition as an example. This framework
rich set of ComPOSite templates to account for the variabili- is app|icab|e to many other classes of ObjeCtS, especia”y
ties of clothes. Itis a novel representational scheme that hag|asses where object instances have wide variabilities in
not been studied yet in the vision literature. We will define a their configurations, such as cars/van/truck, buildings, fur-
probability model on the context sensitive grammar in later pityre and scene settings.
section. The paper is organized as follows. We first present the
In a computing and recognition phase, we first activate And-Or graph theory in Section 2 and a probabilistic con-
some sub-templates in a bottom-up step. For example, wetext sensitive grammar model in Section 3 to set the theoret-
can detect the face and skin color to locate the coarse poical foundation. Then we show the cloth model in Section 4
sition of some components, which help to predict the po- as an example, and briefly discuss the inference algorithm
sitions of other components by context. Then a top-down in 5. Some results are presented in Section 6 which is fol-
step is activated to match some sub-templates in varioudowed by a discussion on future work in Section 7.
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(a). inputimage  (b). artist sketch (). folds/textures  (d). structures (e). decomposition

Figure 2. An example of training the model. (a) Cloth image, (b) artist's sketch, (c) a layer of sketches for shading folds and texture (e.g.
shoe lace, text on shirt etc), (d) remaining sketch graph for structures and sewing lines, (e) decomposed from (d) to sub-templates for

components.

2.Composite graphical templates vertices, segments in the middle of contours are 2-degree
Graphical templates are widely used in computer vi- vertices, and juqctions hgvg _3—4 degrees. Each vertex cor-

sion to model objects which have geometric deformation "€SPONds to an image primitive[3], such as step edge, bar,

and photometric variabilities. A lot of object classes, such 11dge, étc. We denote by a vertex ing;, f an edge iry;,

as clothes, have different topological configurations which @nd4: the image domain covered ly,

cannot be modelled by a single graphical template. We

propose to use a composite template to accommodate the 9 = ({15 s Xiniy b { frnn =< Xims Xin >} M) (

topological variabilities, and we use the And-or graph as _ . . o . _

the overall representation of these composite graphical tem- 3: Configurationsy is a finite set of valid composite

plates. The And-Or graph is a 5-tuple explained below. templates,

2)

Gand—or =<N=UUV, T, 2, R, A>. (1) Y =1{G; =(9j1,-9m@): J=12,...,M}. (3)

1. Non-terminal nodesV includes a set of And-nodes Each graphG € X is a specific configuration for the ob-

U = {ui,...,unw)} and a set of Or-nodey” = ject, such as a suit, a jacket or a T-shirt. For example
{v1, .., vy} An And-nodeu € U represents a graph G = (1,6,8,10) is a configuration in Fig.1 (bottom). The
template which is composed of a set of sub-templates withspatial relations/constraints between these leaves are inher-
certain relations, ..., 7, € R shown by the dashed hori- ited from their parents in the graphs. For example, the rela-
zontal lines in Fig. 1. tion between node 6 and node 8 are inherited from nodes N

An Or-nodev € V is a switch pointing to a number and O. The And-Or graph in Fig.1 contains a combinatorial
(> 1) of alternative sub-configurations. We define a switch number of valid configurations, e.g.
variablew(v) for v € V, that takes an integer value as an
index to the chosen nodex(v) = @ if v is not used in the ¥ ={(1,6,8,10),(1,5,11),(2,4,6,7,9),...} ~ (4)
final chosen configuration.

2. Terminal nodes” = {¢1,...,t.»(T)} is a set of sub-  The number of nodes may vary as well as the graphical
templatesg; representing object components for clothes, structures. Fig. 5 shows three novel upper cloth configu-
such as collars, pockets, hands, etc, as shown in Fig.3. rations generated by the And-Or graph of clothes.

Each g; is a sketch graph where the sketch contours 4. R is a set of relations between Or-nodes or sub-
(strokes) are divided into many short segments and are congraphs.
nected by junctions. Both short segments and junctions
are represented as verticesgnn Endpoints are 1-degree R = {rj =<wv;,v; > v;,v; € V] (5)



graphic templates (Yuille 1991)[13] and Markov random
fields (MRF) on graphs. But a fixed template cannot ac-
count for the structural variabilities. The And-Or graphs
integrate both representations.

The And-Or graph presented in the previous section
is a combination of a Markov tree and Markov random
fields. Each And-node is a graphic (MRF) template model,
and each Or-node is a switch node in the Markov tree
(SCFG). As a matter of fact, each And-Or gragh=<
UuV,T,X,R,A > is acontext sensitive gramnid0]
whereT is the vocabularyl/ and V" are two types of pro-
duction rules U for graph expansion with relatioR and
V for graph switches)Y is a language (sentences) gener-
ated by these rules, andlis the photometric and geometric
attributes associated with the vocabulary. It can generate a
large set of configurations (sentences) like the SCFG, and at
Figure 3. The And-Or graph for arms. the same time each configuratiGhe X carries the context
and Markov constraints (soft or hard) in a graphic model.

These relations become the pair-cliques in the composite The context sensitive grammar will be useful for many

graphical template. When a nodgis split later, the rela- vision 'TaSlrS.thCL‘OtltI] m_odellngdmf_the this gabp_?rtl_s Just olne
tionr;; will be split as well. For example, in Fig. 1 node Cis example. In the following, we define a probabilistic moge

split into two leaf nodes 6 and 8, then the relatiorB, C' > on top of the composite graphical templaketor modeling

) . and inference.
is split into two subsets between 1-6 and 1-8, .
P Let G € 3(G) be a composite template. It has the fol-

<B,C>=<1,6>U<1,8>. (6) lowing constituents.
1. V(G) = {vi,..,vn} is a set of Or-nodes
5. Attributes A is a set of photometric and geometric (switches) that are used in configuridg For instance,
transforms applied to the sub-templage®n the leaf nodes V(G) = {B,C,D,N,O} in Fig.1 for the configuration
tieT,i=1,..m(T). G =(1,6,8,10).
o rccon . 2. T(G) = {t1,...,t, } is the leaf nodes in configura-
A= {(AP,AF) 1= 1,2, m(T)}- @ tion G, (suzzh ai (1,6,8,1}0) in Fig.1 . Each is a subgraph
gl(tl)vz = ]-7 27 ey T
3. R(G) = {ri; =< gi,g; >} is the set of relations
defined on terminal sub-templates inherited from the And-
Or graphG. Each is a pair-clique ang; andg; are both
terminal node in the And-Or graph.
4. S(Q) is the photometric and geometric transforms
applied to the subgraphs,: = 1,2, .., n.

The photometric attributeafl“0 is a vector — the type of in-
tensity/color profiles and their contrasts — for the primitives
of the verticesx;, ..., X;(;) in sub-graphy;. The geomet-
ric transforms include affine transforsy = (T'x, Ty, s, 0)

for the whole subgrapl; and warping (deformation or dis-
placement)¢;;, n;;) for each vertex.

Aigeo = (Ai7 <£i17 771‘1)7 ey (Eln(z)a nzk(z))) (8) The prObablllty forG'is
i i i 1
The photometrlc and_geometrlcal transform_s, together with p(G;G) = exp{—E(G)} )
the topological variations construct a very rich set of com- Z(G)

posite (attributed) templates, and the graph matching algo-
rithm in later section will be defined on the photometric, E(G) =Y _ Ey(w(v))+> E(g:)+ Y_ E(g(vi).g(v))).
geometric, and topological distances. VeV t€T(G) 7i ; ER(G) (10)

3.Context sensitive grammar models The first term in the energ¥ is the same as the SCFG.
Stochastic context free grammars (SCFG) were intro- It assigns different weights to the switch variable®) at
duced to vision in (Fu, 1981)[1], and are equivalent to the the or-nodes), and each accounts for how frequently an
Markov tree model. Such grammar models suffer a ma- And-node appears. Removing the 2nd and 3rd terms, this
jor problem that they cannot pass global and context in- reduces to a SCFG.
formation among nodes. For example, they cannot put a The second and third terms are typical singleton and
constraint that a face consists of 2 (not 3 or 4) nearly sym- pair-clique energy defined on the graghafter the switch
metric eyes. The context information is best described by variables are decidedThe second term is the prior model



of the geometric and photometric transformations applied category —some template examples
to the sub-template. The third term models the compatibil-

ity constraint, such as the spatial constraint between sub-
templates. We will give the detailed energy of cloth mod- a /v\
elling in following section.

In the above model, the partition function is related to the
and-Or graphg and is common to all graph configurations
in 3(G).

(o

ZG) = > exp{-E(G)}. (11)

Gex(9)
Because of a comma#, we no longer need to worry about ~ © i/

computing the partition function or ratio when we switch
between different configurations < G’ in the inference
phase.

4.Composite models of clothes (U

We take 50 training images of college students sitting in \ ﬁ
a high chair with good light conditions and uniform back- \g m
ground to exclude occlusions and bad illuminations. Ges- N
ture, illuminations and background clutter are other difficult :
problems that are beyond the scope of this paper. This paper @ é/
is focused on modeling the variability of cloth configura-
tions. An artist is paid (in hourly rate) to draw the sketches
in Adobe illustrator. She is asked to make the sketches as f R .
consistent as possible across the training images. \g
As Fig. 2 shows, we first manually separate a layer of
sketches corresponding to shading folds and textures (e.g. g ]
shoe lace, text printed on T-shirt). Then we decompose
the remaining structures (Fig. 2.d) into a number of sub-

templates: hair, face, collar, shoulder, upper and lower \
arms, cuff, hands, pants, shoes, and pocket. Fig. 4 shows h
some examples for each category.

With these categories, we construct an And-Or graph to
account for the variability of configurations. For an exam- j
ple, we shown the And-Or graph of arms in Fig. 3. Intu-
itively, the And-Or graph is like a “mother template” which
can produce a large set of configurations, three of which are
shown in Fig. 5.
For each terminal node, we assume uniform probabil-
ity for choosing the primitives and intensity profile and put
a Thin Plate Spline (TPS) model to regularize the warp- . @
ing (deformation controlled by the warping on the vertices)

(&,m) of subgraphg; on domainA;. Therefore, the single-
ton E(g;) in Eqn.10 is defined by, Figure 4. The categories for cloth components and each category

consists of a set of sub-templates used as leaf nodes in the And-Or
graph.
— 2 2 2 2 2 2
E(g:) = / /A Saw T Sy &y Mg Moy + 1y drdy.
‘ (12)

We define a set of “bonds” for each sub-template. They
are used to link the corresponding “bonds” in neighbor E(gi,g;) = d(A;, Aj) + Z d(x(Bir), x(Bj1))-
parts, such as the torso and upper arm or the upper arm
and the forearm. Let's denote the set of all connection of
“bonds” between sub-template andg; asB; ;. Then, the , Where the first term is used to enforce consistence of the

pair-clique term is defined as

<Bik,Bj1>€Bi,;



templates, is modeled as uniform Gaussian noise. For each
template, we will record the following attributes: (a) the
type of boundary, (b) ownership (which side owns an oc-
cluding boundary), (c) the intensity profiles and types of
image primitives, (d) region model (illustrated by a-b-c in
Fig. 6). Since the likelihood model for graphical templates
are straightforward, we choose not to unfold its details due
@ to space limits.
Figure 5. Three novel configurations composed of 6,5,7 sub- The parameters in the above models are learned indepen-

templates in the categories respectively. The bonds are shown b)ﬂently from the set of training examples.
the red dots. 5.Bottom-up and top-down inference

Given the prior model with all the descriptiogsand the
generative likelihood model, the objective of the inference
algorithm is to compute the best graph configuratiore
Y(G) for atestimagd,

G* = I, |G: A)p(G). 14
arg Grél%)p( Al )p(G) (14)

The inference is done in a spirit similar to the DDMCMC
image parsing[12] which combine the bottom-up and top-
down computation.

Bottom-up data driven proposals (discriminative tests)
are designed for all nodes in the And-Or graph. Some nodes
are more informative and thus can be detected more reliably,
such as the face. Other nodes are less informative. For in-
environmentsenv(g1), env(g2), env(gs) (outside the ellipses). St".:mce’ the e!bow IS hard to infer when the arm is Stral.ght'
The bonds are shown by the red dotsy; has three bonds It is also desirable to infer the nodes from coarse-to—fmg.
Bu1, b1z, f13. The relation betweep: and g» are specified in ~ FOr example, the leaf nodes have many sub-templates which
(Bi1, B21). should be activated after their positions are located (pre-

dicted) from the parent nodes in the higher level of the

And-Or graph. We carefully design the order of the bottom-

affine transforms of the two sub-templates. up and top-down computation so that the more informative
) nodes are proposed and inferred earlier, and they in turn

d(Ai, Aj) = As(log(si/s3)—vs)*+Xo sin((0:=6;—0) /2)". generate useful top-down/context information for comput-

\wheres, § are the affine transformation parameters for each "9 the other less informative nodes.

part, and\s, as, \g, o are learned parameters. Fig. 7 shows an example of our bottom-up and top-down
The second term is used to enforce the correspondingi”ference- We do face detection as s'hown in Fig. 7.(c). To

“bonds” between neighboring parts, which are connectedlocate the torso, we use an ASM (Active Shape Model)[17]

with each other. type of model. We define a common shape template for the
The likelihoods are models from sub-templatewith key points of the torso as the red points in Fig. 7.(c). We

domainA, to the image patchy . The likelihood modelis ~ @PPly PCA to the shape and model the prior of shape as a
’ Gaussian distribution in the reduced dimension. With the

gii ), (13) position of the face, and the relative position model of torso
and face, we randomly sample some shapes to use as the ini-
tialization of the ASM searching algorithm. Using the same
where A = {A4,..,Ayx} is the set of all image method, we build shape models for upper arms and fore-
primitives[3] associated with the templates. Within each arms. Note in Fig.3, there are two distinct configurations of
domain A;, some pixels are covered by the image primi- the forearms. We use a mixture model for the two distinct
tives (for vertices) and the remaining part are filled in by configurations of forearms: separated or crossed. After lo-
MRF models as in the primal sketch[3]. People who are cating these body parts with bottom-up methods, we obtain
not familiar with the primal sketch should think of it like an overall proposal for body parts as shown in Fig. 7(c). The
inpainting. The background, which is not covered by our face rectangle is used as the initialization of the skin region,

Figure 6. Three subgraplss, g2, g5 (inside the ellipses) and their

pAlG;A) = ] »(a,

gléT(G)




(a) input image (b) edge map (c) face and parts (d) skin color (e) result

Figure 7. Running example. (a) input image, (b) Canny edge map, (c) bottom-up detection of face and body parts, (d) skin color detection
by mean-shift clustering in color space, (e) results of top-down matching.

and combined with the results of mean shift clustering, we
get the skin region as in Fig. 7.(d).

With the coarse positions of the human parts, we start
the top-down graph matching process. Each non-terminal
node at the bottom of the And-Or graph has a number of
leaf nodes (see Fig.3) which correspond to a set of sub-
templates (subgraphs). Each sub-template is a subgrap
with photometric and geometric transformation parameters.
Deformable Template matching is well studied, especially
with good initialization. For each candidate sub-template,
we match it to the image with the thin-plate spline prior
(defined in the prior terms in eqn.(12)) with iterated clos-
est point algorithmTPS-ICB[14]. The best matched sub-
template is selected by comparing the posterior probability.
Although the TPS-ICP algorithm is a locally optimal algo-
rithm, the likelihood models with region information in the
sub-templates are quite robust. An example of the fitting |
result is shown in Fig. 7.(e).

6.Experiments

We applied our algorithms to two sets of images. One set
is in Fig.8, and another set is in Fig.9. For each testing im-
age, as in Fig. 7, we first infer the body gesture at the parts
layer, then infer the composite graphical template. As we
can see, the whole hand is represented by one or two sub-
templates. We are not computing the fingers individually
which seems an impractical task. In case a hand in the test
image has a different configuration from the sub-templates \\E\g’
in our training set, we choose the closest match. It is inter-
esting to observe that human vision is apparently not very
sensitive to subtle differences.

Figure 8. Some recognition results of upper body with clothes.

The input images are shown in the first row. The third row shows
As shown in Fig. 8 and Fig.9, these graphical sketchesthe composite graphical templates inferred from the images. For

are quite nice for they are generated from the artist's tem-comparison, the results of a canny edge detector are shown in the

plates. One can use such results in many applications, sucimiddle row.

as cartoon animation, human portraits, and video communi-

cation in narrow band devices.
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Figure 9. More recognition results of upper body with clothes. The results are the composite graphical templates inferred from the images.

7.Discussion [4] S. loffe and D. A. Forsyth, "Probabilistic methods for finding

The main contribution of this paper is the And-Or graph ~ PeOPIE"JCV,43(1):45 68, 2001.
representation as a rigorous matching model for generat-[5] M. W.Lee and . Cohen, "Human upper body pose estimation
ing a set of composite graphical templates in a principled N staticimages’ECCV, 2004.
way, in contrast of the graphical (MRF) models/template of [6] L.Zhao, "Dressed Human Modeling, Detection, and Parts Lo-
fixed structure widely used in the literature. This represen-  calization”,Ph.D DissertationCMU, July, 2001.
tation embodies the context sensitive grammar model which[7] K. Nicolaides, The Natural Way to DrawHoughton Mifflin
was never used in the vision literature before, despite the  Co. Boston, 1941.
fact that people have long desired such a model. We usedg] H. N. Ng et al, "Computer Graphics Techniques for Modeling
cloth modeling and recognition as an example, however the  Cloth”, IEEE Computer Graphicé& Applications, V16, pp
framework is generally applicable to many other classes of ~ 28-42, 1996.
objects, especially classes where object instances have widgg) j. pearl,Heuristics: Intelligent Search Strategies for Com-
variabilities in their configurations. puter Problem SolvingAddison-Wesley, 1984.

Due to space limit, we cannot unfold many details on [10] J. Rekers and A. Sé¢tir, "A parsing algorithm for context

graph matching and the likelihood models, which are, in sensitive graph grammars”, TR-95-05, Leiden Univ. 1995.
our opinion, straightforward and not new in this paper. We

refer to the literature for existing work on graph matching
and primal sketch[3] for likelihood models.

[11] R. Ronfard, C. Schmid and B. Triggs, "Learning to parse
pictures of people”ECCV, 2002.

[12] Z.W. Tu et al. "Image parsing: unifying segmentation, detec-
tion, and recognition”|CCV, 2003.

Acknowledgement _ _
[13] A.L. VYuille, D. Cohen, and P. Hallinan, "Feature extrac-
This work is supported by grants ONR N-0014-05-1- tion from faces using deformable templatdgCV, vol.8, 99-
0543, NSF 11S-0413214 and Kodak Fellowship. 111,1992.
[14] H. Chui and A. Rangarajan, "A new algorithm for non-rigid
References point matching”,CVPR2000.

[15] G. Hua, M. H. Yang, Y. Wu, "Learning to estimate human

[1] K.S. Fu, Syntactic Pattern Recognition and Applicatipns pose with data-driven belief propagatioyPR 2005.

Prentice Hall, 1981.
16] F.Hanand S. C. Zhu, "Buttom-up/Top-down image parsin
[2] H. Chen and Z.Q. Liu, C. Rose, Y.Q. Xu, H.Y. Shum and [16] brrop gep g

. 3 ; by attribute graph grammarlCCV, 2005
D. Salesin, "Example-Based Composite Sketching of Human o
Portraits”,Proc. 3rd Int'l Symp. NPARD5-153, 2004 [17] T.F.Cootes and C.J.Taylor, "Statistical models of appearance

) for computer vision”, Tech. Report Univ. of Manchester,
[3] C.E. Guo, S.C. Zhu, and Y.N. Wu, "A mathematical theory U.K., 2000.

for primal sketch and sketchabilityCCV, 2003.



