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Abstract.  In this paper we propose a probabilistic framework that mod-

els shape variations and infers dense and detailed 3D shapefrom a single
silhouette. We model two types of shape variations, the object pheno-
type variation and its pose variation using two independent Gaussian
Process Latent Variable Models (GPLVMSs) respectively. The proposed
shape variation models are learnt from 3D samples without prior knowl-

edge about object class, e.g. object parts and skeletons, ad are com-
bined to fully span the 3D shape space. A novel probabilistic inference
algorithm for 3D shape estimation is proposed by maximum lik elihood
estimates of the GPLVM latent variables and the camera param eters that
best t generated 3D shapes to given silhouettes. The proposed inference
involves a small number of latent variables and it is computa tionally ef-

cient. Experiments on both human body and shark data demons trate

the e cacy of our new approach.

1 Introduction

3D shape estimation from a single image has wide applicatianfor graphics,
surveillance, HCI and 3D object recognition. Single view reonstruction is a
highly under-constrained problem and requires prior knowedge on 3D shapes of
an object class. Various approaches have been investigatesith di erent con-
straints. While previous methods for general scenes/objdccategories nd it
typically hard to capture complex 3D topology of objects, much of recent study
has tackled estimating detailed 3D shapes of specic categ®s, e.g., human
faces [11] and body shapes [12{15]. In this work, we proposenapproach for
both synthesizing and reconstructing dense 3D shapes of geral object cate-
gories under articulations or deformations given a singlemage.

1.1 Literature Review

Below we give a brief overview of related work for general sees/object cate-
gories and work designed speci cally for human body.

Methods for general scene reconstruction have relied on priitive geometri-
cal constraints such as symmetry and yielded a coarse pop-upgeconstruction:
e.g., Criminisi et al. [17] have used vanishing points and psjective geometry
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constraints and Hoiem et al. [2] assumed planar/ground-vetical scenes. Prasad
et al. [1] have tackled reconstruction of curved objects, rquiring user interac-

tions to reduce down complexity of 3D object topology. Saxen et al. [18] have
investigated to recover rough depth estimate from image feres. Hassner and
Basri [19] have similarly inferred depth from image appearace. 3D geometries
having similar image appearance to that of a query object fron a database
served as the shape prior. These view based methods requiren &xhaustive

number of samples. Some e orts have been made for 3D shape mtstruction

from 2D sketches or line drawings [20], where man-made objecare represented
by transparent edge-vertex graphs. Bayesian reconstructin of Han et al's [3] is
limited to polyhedral objects, tree or grass only. An uni ed method to segment,
infer 3D shapes and recognise object categories proposed [#] is based on a
voxel representation for the shape prior model and applied @ object categories
such as a cup, mug, plate etc, all rather simple andigid objects. Torresani et
al.'s [21] have attempted to recover non-rigid 3D object shae as in our work
but only up to sparse reconstruction using 2D point tracks. Their work falls into

a di erent topic, structure-from-motion.

More related study to ours is the work for estimation of detaied human body
shape [13{15]. Human body is an articulated object with a nunber of joint an-
gles. A xed or deformable crude model based on skeleton, e.@ cylinder model
has been widely exploited for human body pose estimation andracking. By
tting the model to images, joint angles and a rough 3D shape stimation are
obtained, e.g. [6]. Finer body models, e.g. using volumetd representations [7] or
generic deformable models [8] have been used to capture masabtle shape vari-
ations. These models, however, consider body parts indepdently and decouple
pose from shape variations, therefore not representing sipee variations around
joints and pose-dependent shape deformations. Recently, more detailed human
model called SCAPE (Shape Completion and Animation for PEope) has been
proposed [12]. SCAPE models 3D shape variations among di ent human bod-
ies in a canonical pose by Principal Component Analysis (PCA, and di erent
poses, i.e. articulation, by joint angles. The shape trangr from a source body
to target bodies is obtained by rigid rotations of the 13 body parts manually
de ned and the pose-dependent deformations for subtle musdar deformation
around joints. Balan et al. [13] have adopted this model for he detailed hu-
man body shape estimation from silhouettes and formulated he problem as
an optimisation over the SCAPE model parameters. However, he optimisation
of the SCAPE model is di cult due to uniform priors placed on a number of
parameters (joint angles and eigen-coe cients). Stochasic search in [13] is com-
putationally expensive and has initialisation problems. Sgal et al. [14] have used
a regression technique to help in initialising the SCAPE mocel parameters prior
to stochastic search and Guan et al. [15] have incorporated pre visual cues,
the shading cues and internal edges as well as silhouettes facilitate tting the
SCAPE model to images. Although these methods have shown dailed shape
recovery from a few silhouettes, using strong priors on a hurmn body model, i.e.
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Fig. 1. 3D shape recovery (blue meshes) of a human body (left) and a stark (right)
under pose change and their shapes in the canonical pose (gia meshes).

manually de ned skeleton and body parts, makes it di cult to extend to other,
especially, free-form object categories without redesigng the representation.

1.2 Proposed Approach

In this work, we propose a probabilistic generative model fo both learning and

inferring dense and detailed 3D shapes of a class of nonrigabjects from a single
silhouette. In contrast to prior-arts, we learn shape priors under a challenging
setting including pose variations and camera viewpoint chages, and we infer
more complex and general deformable 3D shapes from a singleage (see Fig. 1).

In our probabilistic framework the shape variations of objects are modeled by
two separate Gaussian Process Latent Variable Models (GPLWIs) [22], named
the shapegenerator and the posegenerator. The former captures thephenotype
variation, which refers to the shape variation between objets: tall vs short, fat vs
thin, etc, while the latter captures the posevariation, which includes articulation
or other nonrigid self-deformation. They are learnt directly from 3D samples
without prior knowledge about object class. The GPLVM has been successfully
applied for human pose estimation by mapping a high-dimenginal parameter
space, i.e., a number of joint angles, to a low dimensional nrafold [9]. In our
work, it nonlinearly maps the complex 3D shape data into a lowdimensional
manifold, expressing detailed shape variations only by a fe latent variables.
With both generators, arbitrary 3D shapes can be synthesizé through shape
transfer [5], as shown in Fig. 2.

We also propose a novel probabilistic inference algorithmdr 3D shape esti-
mation from silhouettes. The shape estimate is obtained by raximum-likelihood
estimation of the latent variables of the shape and pose gemators and camera
parameters that best match generated shapes to input silhoettes. Compared
to stochastic optimisation over a large parametric space,.e. joint angles in [7,
13{15], the proposed inference is computationally e cient as the latent space
has a very low dimension. Experiments on articulated human lodies and sharks
demonstrate e cacy of the proposed method for reconstructing detailed shapes
of general deformable object categories.
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Fig. 2. Synthesizing sharks (left) and human bodies (right) by shap e transfer.

The rest of this paper is structured as follows. Section 2 prgents the proposed
probabilistic model; Section 3 explains learning the shapand pose generator and
synthesizing new shapes by the shape transfer; Section 4 ments probabilistic
inference algorithm; experimental results are shown in Seion 5, and discussions
conclusions are drawn in Section 6 and 7 respectively.

2 Probabilistic Model for 3D Shape Estimation

The proposed shape estimation is done by: rst, synthesizig 3D shapes from a
shape generatorM s that spans the phenotype variation, and a pose generator
M a that spans the pose variation; and then, matching the generted shapes with
the input silhouette(s). The proposed graphical model is sbwn in Fig. 3(a).
In the formulation, we consider a more generalk-views setting. Let Sy (k =
1,2; ;K) be the observed silhouettes inK distinct views, which are given
in the form of 2D point sets; V = [V 1;V5; ;Vn]is a AN-D vector which
represents the 3D shape withN sampling points on its surface; andW ¢ (k =
1;2; ;K) is the silhouette of V in the k-th view. The joint distribution can
be written as:

P(fSk;Wkghey s VU Vif gy iXaXs;M A M s)

Y
= P(SkiW i )P(WjV; k) PUjxa;M a)P(vixs;M s)P(Vju;v):(1)
k=1

In (1), xa and xgs are the latent coordinates of the corresponding modelsy and
v are the respective latent feature vectors generated byM o and M g at xa
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andxs; k = fPy;tkg(k=1;2; ;K) are the camera parameters oK views.
Here, we assume an a ne camera modelPy is a 3 2 projection matrix and

tx isa 2 1 translation vector on the image plane. The termsP (SxjW ) and

PWjV; k) (k=1;2; ;K) model the matching of 3D shapesV with the

observed silhouettesSy. The details of inferring shapes from silhouettes will be
presented in Section 4. The last three termsP (ujxa ;M a), P(vjXxs;M s), and

P (Vju;v) of (1) model the 3D shape synthesis from the pose generatdd 5 and

the shape generatoM s given the new latent coordinatesx, and xs, which will

be presented in detail in Section 3.

3 Shape Generation

3.1 Data Set and Shape Registration

In our approach, the shape generatoM s and the pose generatoM 5 are mod-
eled by two independent GPLVMs [22], and trained separatelyon two data sets,
named shape data setand pose data set The former contains di erent shape
instances in the canonical pose, while the latter is comprisd of various poses of
a particular shape instance calledzero shape

In order to train the generators, we must build up vertex-wise correspon-
dences among training instances so that we can encode the piaype variation
and pose variation in a vectorized form. For the pose data setthe correspon-
dences are straightforward as all the pose data are generatedy animating the
same 3D instance in our experiment. Such correspondencesearhowever, not
given for the shape data set and shape registration is requéd.

In our implementation, every instance in the shape data set $ registered
with the zero shape in the canonical pose. Firstly, we compug hybrid distances
as weighted averages of the spatial distance [24] and the? distance of the 3D
shape contexts [23] between every paired sample points of twshapes, and then
use Hungarian algorithm to nd the minimal cost matching. Secondly, we use
the thin-plate spline (TPS) model to recover point-wise digplacements between
the pair of shapes using the correspondences establishedftér this, Principal
Component Analysis (PCA) is applied to reduce the dimensionof input data
before training the pose and shape generators. We use the tan = 30 principal
components as the pose featura and shape featuress for training the GPLVMs.

3.2 Synthesizing New Shapes and Poses from GP

Given the new latent coordinatesx, and xs, generating the pose vectoru of
the zero shape and the shape vector of the canonical pose fromM o and M ¢
can be formulated as the following Gaussian predictive likéhoods:

P(ujxa;M a)= N u;k{ (xa)K Y a;(ku(xasxa)  K{(xa)K gtku (xa)1)
=N uu (xa); A(xa)l ()

N viky (xs)K 'Y s (kv (Xsixs) Ky (xs)Ky tky (xs))!

N vy (xs); §(xs)l : 3)

P(vjxs;M s
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Zero Shape (9) Shape under a New Pose/jv

Fig.3. (a) The graphical model for the 3D shape inference. (b) Transforming local
triangle meshes during pose change.

In (2) and (3), Ya =[uil4 and Ys =[v;]s are matrices which containN
and Ns training instances in columns for learningM 5 and M s, respectively;
Ku = [ku(Xa:isXai)] 10 Nasz j Nas Kv = [kv(Xs:isXs;j)l1 i Nsil | Nso
ku(Xxa) = [ku(Xa:xa:i)l1 i na» Kv(Xs) = [kv(Xs;Xs:i)l1 i ng are the cor-
responding non-linear kernel matrices/vectors. In this pager, ky and ky are
de ned as the RBF+linear kernels [9].

3.3 Shape Transfer using Jacobian Matrices

M a or M s only models the shape variation along one of two axes in the stpe
space. To fully span the shape space, we present a shape syatiis method based
on shape transfer in this section.

For the convenience of formulation, we introduce two auxilary variables V #
and V S to represent the shapes with only the pose variation/phenoype variation
imposed, respectively. See Fig. 2. Both of them arel8-D vectors, which contain
the 3D spatial positions of N sampling vertices of the shapeV” and VS are
recovered from the m-D features u and v through linear combinations of the
PCA eigen-vectors asVA = GA + AAuandV® = GS + ASv, whereG* and
GS are the mean vectors, andA” and AS are 3 m matrices containing the
rst m eigen-vectors of the pose and shape data set, respectively;° denotes
the zero-shape in the canonical pose.

The concept of transferring deformation from a source objeicto target objects
has been investigated in the previous work [5]. In our problen, an arbitrary shape
V is synthesized by applying the phenotype variation on the psed zero-shape
VA locally as follows:

V=VA+V %ny; (4)

where V. %= [V 9N, is a 3N-D concatenating displacement vector that
represents the pose-dependent local shape variation frow #, and ny is an
additional random variable modeled by the white Gaussian nise subjected to
N (0; 213y 3n ). We assume that the vertex-wise phenotype variationsV ; and
V 0 before and after the pose change are locally linear transfars as V. ; =

VP VPand VvV 2=V, VA (refer to Fig. 2) and they can be related by the
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3 3 local Jacobian matrix J;, similarly to [5]:
Vv %=V (5)

We calculate the local Jacobian matrix at each single samplig vertex approxi-
mately from the mesh triangle it belongs to. Given a samplingvertex V © on the
canonical-posed zero-shape (and its corresponding vertéx in the new pose),
we can nd their corresponding the mesh triangles as shown irFig. 3(b). Two
in-plane vectorsm?*; m > and one normal vector perpendicular to the trian-

gle planemio;3 are computed for the mesh in the canonical pose and the same
m# it mA2:m” 2 for the mesh in the new pose. The local Jacobian matrix;

can then be computed as:

A2 mP P mPt mP i mP e b 6)

Ji=[mitm
In the training stage, we compute the Jacobian matrix at evely sampling
point for all the instances of the data set using the method dscribed above.
A weighted average Itering over 8 nearest-neighbor samphg points is applied
to Jacobian matrices for smoothness. Finally, these matries are vectorized and
used to learn the pose generatoM , in junction with the vertex displacements.
In the prediction, the elements of Jacobian matrices can ths also be recovered
from the pose featureu using PCA meanG” and eigen-vectorsA” as

vec(d)= G’ + A'u; )

where N -D vector vec(J) =[vec(J1);vec(Jz); ;vec(In)] is the vectorized-
form of matrix J.

3.4 A Probabilistic Model for the Shape Synthesis

The last term P(Vju;v) of (1) models the synthesis of new 3D shapes from
the pose featureu and shape featurev, which are generated by GPLVMs in
Section 3.2. By combining (4), (5), and (7) the shape syntheis can therefore be
formulated as the following equation:

V=VA+J (V3 VO +ny
=GA+Afu+mat G’+Au GS+ASv VO +ny: (8)
whereJ = diag(J1;J2; ;Jn)isa 3N 3N matrix, and mat () is an operator

which reshapes the & 1 vector into a 3N 3N block diagonal matrix.

We hope to formulate the posterior distribution of the synthesized shape/
explicitly given the latent coordinates x5 and xs of the pose and shape genera-
tors M o and M s. From the previous subsection, we know that the distributions
of VA, VS, and vec(J) have Gaussian form, since they are linearly generated
from Gaussian-Process predictions and v.

VAIXa;Ma N (VA ya(Xa); va(Xa)); )
VSjxs;M's N (VS; ys(xs); vs(Xs)); (10)
vec(J)jxa;Ma N (vec(J); s(xa); s(Xa)): (11)
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where
va(xa)= GA + A% i ys(xs)= G5+ AS ;  s(xa)= GT+ AT ;
T T T
va(xa)= Z2AAAAT; vs(xs)= 2ASAS; s(xa)= 2AIA7

According to (8), the synthesized shapeV is the product of multi-variate
Gaussian VS and J, and it is non-Gaussian. However, we nd its Gaussian
projection ¥ with the same mean and covariance is very good approximatiomo
the true distribution of V, and this projection greatly helps the computation.

P{ixa;xs;MaMs) N V5 v(xa;xs); v(Xa;Xs) ; (12)
where
v= yat+t(ys VO
vE EE oyt Ny oyst T gl s mon =0 :1:2

=01, N 1
where”; = mat ( ;) represents N 3N matrix shape of 5 1; Sj = S@3i+1:
3i+3;3] +1:3)j +3)isthe 3 3 sub-matrix of the 3N 3N matrix S= s+

(vs VO vs VO)Tiand jhn =  3@i+3m+1:0i+3 m+3:9j+3 n+1:9]+3n+3) IS
the 3 3 sub-matrix of the 9N 9N matrix ;.

4 Inferring 3D Shapes from Silhouettes

The matching between the synthesized 3D shapes and input $ibuettes is for-
mulated as a two-stage process in our approach. The rst stag is the projection
stage, which models the procedure of projecting the 3D shap¥ into a silhouette
W i in the k-th view, as shown in (13).

P(WjV; k)= N(W; PV + ty; 21); (13)

where Py = Py My andty = txy 1yo are the expanded version of projec-
tion matrix and the o set vector in the k-th view, respectively. Here, M =
[Miij 11 i Not jlegn 1S aN? N binary masking matrix with element Mgij =1
if the projection of the i-th 3D sample points is on the boundary andmy;; =0
otherwise. M  selects theN °silhouette points of the projection in the k-th view
and it is fully determined by Py.

The second stage is the matching stage, which models how wethe input
silhouette Sy ts the corresponding boundary projection W of the generated
shape in the k-th view. The observation likelihood is de ned on the basis d
Chamfer matching, which provides more robustness to errorand outliers in the
input silhouettes as

. 1 1 9 ]
P(SkjWk) = - exp ﬁDTsk Wig) (14)
S
! For the convenience of notation, we sometimes omit the parameters of the mean and
covariance in the formulation. E.g., 5= Js(Xa)
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where DT2() refers to the squared L2-distance transform of the silhoutte S =

fsig{%. For an arbitrary point set = fwig{\f’li, it is de ned as DT2(W) =
ﬁ MWimingas kwi  sik?+ rls] }52’1 minw, 2w kw;  sjk?. To simplify the

computation, the normalization factor Z is approximated by a constant here.

As stated in the previous section, generating the 3D shape¥ from M s and
M a can be approximately formulated as a Gaussian Process (12)t follows
that the silhouette likelihood P (W «jXa ;Xs; M a;M s; ) also has the Gaussian
form by combining (12) with (13):

PWkjxa;XxsiMaiMs; k)= N Wy w,(XaiXs; k); w,(Xa;xs; k[15)

where w, = Py v +tcand w, =Py vPl + 2I.

Our target is to nd the 3D shape which best ts all the image evidences
Sk (k=1;2; ;K)in K views, or equivalently, to nd such latent positions
Xa, Xs and the parameters ¢ of K cameras. This can be done by nding
the maximum of the overall likelihood P (f Scdf.; jxa;Xs;M a;M s;f kof.;)
(k =1;2 ;K). The likelihood has no closed form since the direct integra
over the terms with distance transform is not tractable, but it can be e ciently
optimised by the closed-form lower boundQ [16]:

P(fSkOior iXa i XsiM AsM s ks ) Q(Xasxs:f kOhe;)
¥ 1 1

= - exp  55DTE w, (16)
k=1 Zk det |+ _12‘ W g S

s

Maximizing the lower bound Q, or equivalently, minimizing logQ, gives a
good approximated maximum-likelihood estimate of the latent coordinate x¥* ,
x¥L , and camera parameters M- (k=1;2; ;K):

(Xt xgtsf @t gi,) arg min logQ(xa ;i Xs:f KOz ): (17)
XaiXsif kgl

In our implementation, we minimize logQ by adaptive-scale line search and
use multiple initializations to avoid local minima. The opt imization alternates
between nding the latent coordinate (xa, Xs) and correcting the camera pa-
rametersf gf_, (and hence the masking matrices M «g_, ). The convergence
usually comes fast, as the latent dimensions of GPLVMs are . Consequently,
the corresponding maximum likelihood estimate of the 3D shae can be approx-
imately given as:

POVM xR ixgt iMaMs) N VMg Ot sxgh)s g (xRt ixEh XL8)

which gives the mean shape y, and the uncertainty measurement .

5 Experimental Results

We have investigated two shape categories in the experimest human bodies
and sharks. For the human data, we used Civilian American andEuropean
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Shae Gererator Pos Geneator:Ruming

Fig. 4. Generation of new human body shapes in running pose. The shag and pose
latent spaces are shown in their rst two dimensions. Shapes are spanned by the paired
coordinates.

Surface Anthropometry Resource (CAESAR) database as the sipe data set,
which contains over 2000 di erent body shapes of North Amercan and European
adults in the canonical pose. The pose data set was obtainedybsynthesizing
animations of di erent 3D poses, e.g, running (150 frames)walking (150 frames),
arm stretching and torso movements (250 frames), etc., usig the 3D female
human model Sydney in Poser 7. For the shark data, the shape da set contains
eleven 3D shark models of di erent shark species availabledm Internet [19]. For

the pose data set, we used an animatable 3D MEX shark model toenerate an
11-frame sequence of shark tail-waving motion. The mesh retution of the zero-
shapes are: 3678 vertices/7356 faces for the human data, ari@40 vertices/3676
faces for shark data, respectively. To trainM o and M s, we empirically set the
latent space dimensionds = 6 for the human shape generator,ds = 3 for the

shark shape generator, anddy = 2 for the pose generator for both data sets.

5.1 Shape Synthesis

A direct and important application of our framework is to synthesize a variety
of shapes in the category from the shape generator and the pegenerator. We
visualize the process of synthesizing human shapes in runmy pose for the latent
coordinates of the pose and shape generators in Fig. 4. To exdane the synthesis
quality, we sampled 10 positions in both the shape and pose tant spaces along
the trajectories shown by numbers, and generated the humanhapes by pairing
up the corresponding shape and pose coordinates. As shown fig. 4, a wide-
range of body shapes and di erent stages in the running pose @re synthesized.
We have also observed that the predictive variances (low vaance indicated by
red in Fig. 4) imply the quality of shape synthesis. The highe-quality shapes
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Data Precision Recall
22 sharks 0.8996+ 0.0481 | 0.9308+ 0.0380
20 human bodies 0.7801+ 0.0689 | 0.8952+ 0.0995

Fig.5. (a) An example of variance estimates of the shark reconstruction; (b) Precision-
Recall ratios of the predicted shapes.

(shapes 4 7 marked by the rectangle) were generated from the low variace
area of the shape latent space, where more training samplesene presented.

5.2 3D Shape Reconstruction from Images

To verify the e cacy of our 3D shape inference framework, we have tested our
approach over 20 human images in tight- tting clothes and 22 shark images
which were collected from Internet. These images involve derent camera poses
and various object motions, including human running, walking, arm stretching,
and shark tail movement. We adopted GrabCut [25] to roughly sgment the
foreground and extract the corresponding silhouettes. Thegoal is to infer the
reasonable 3D shapes implied by the pictures given the foregund region.

It is worth mentioning that the single-view reconstruction problem is inher-
ently ambiguous. The single silhouette often correspondsa multiple possible 3D
shapes mainly due to symmetry and viewpoint changes. Our sbtfiare generates
multiple shape candidates to the silhouette and provides dfmate variances for
each prediction (Fig 5(a)). For each image, the running timeto predict 10 candi-
dates was about 10 - 15 minutes by our unoptimized c++ codes i2.8GHz PC.
In the implementation, we randomly initialised the latent p ositions of the shape
and pose generators. However, we nd it helpful to roughly intialise the camera
viewpoint. This will speed up the algorithm and greatly increase the possibility
of obtaining desired results.

We have evaluated the performance of the approach qualitatiely (see Fig. 6
and 7), and quantitatively by the Precision-Recall (P-R) ratios as given in

Fig 5(b). Here, the precision and recall are de ned as:Precision = 5c15al,

and Recall = 'SFS[% where Sg denotes the ground-truth foreground and Sg

represents the projection of our prediction. All the 3D resuts provided in Fig. 6

and 7 correspond to the highest likelihood values given thenput silhouettes

and the shape priors. It shows that our approach captures bdt phenotype and
pose variations and gives accurate estimates on the cameraewpoint. Also, P-

R ratios on human data are of reasonable accuracy in compams with those

generated by the human speci ¢ model [13], although it is notstraightforward

to compare quantitatively due to di erent data sets and numb er of silhouettes.
The reconstructed human bodies are comparatively worse in @th visual quality

and the P-R ratios than those of sharks because the more comga articulation

structure makes exact pose tting di cult. For example, the pose generator fails
to explicitly model the closing hands in the rst example of Fig. 7, although the

arm and torso poses are well t (see Section 6 for more discusmss).
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Fig. 6. The qualitative results on shark images. Column 1, 4: input i mages; Column 2
and 5: the reconstructed shapes in contrast with the input si Ihouettes; Column 3 and
6: the reconstructed shapes at another viewpoint.

6 Discussion

Compared to previous parametric models [12, 13], the prop@xl method has both
advantages and disadvantages. The bene ts include: 1) reqting no strong class-
speci c priors (parts and skeletons), which facilitates madeling general cate-
gories, 2) estimating a much smaller number of model parametrs and thus be-
ing more e cient, and 3) providing a probabilistic intuitio n on the uncertainty
of shape generation and inference. However, the second beneould be the
drawback at the same time. E.g. whereas the SCAPE allows all pssible body
con gurations by joint angles, our method generates posesimiilar to those in the
pose data set. When training instances are insu cient, the pose generator can
be limited in descriptive power (see the rst example of Fig. 7). However, the
pose generator is easily extendable by more pose data setsdais able to span
su cient local pose variations (the same advocated for poseestimation in [9]).

It is interesting to compare the shape transfer stage in our pproach with
that in parametric models. In the SCAPE, part-wise rigid rot ations matrices
and pose-dependent deformation matrices together servemilar functions as
Jacobian matrices in our method do but incorporate joint andes. The shape
transfer in our method can also benet when structure priors are available,
e.g. Jacobian matrices can be more reliably computed by enfoing part-wise
smoothness constraints.

Although our method exploits only silhouettes in the experiments, more vi-
sual cues such as shading and internal edges could be used toprove matching
accuracy [15]. More direct mapping from silhouettes to shaps could be learnt
by regression techniques [14] from the new shapes of new pesgy/nthesized by
the proposed model. This would help initialising the propo®d inference.
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Fig. 7. The qualitative results on human images: Row 1: input images; Row 2: the
reconstructed shapes in contrast with the input silhouette s; Row 3: the reconstructed
shapes at another viewpoint; Row 4: the body shapes in the caronical pose.

7 Conclusions

In this paper, we have proposed a probabilistic generative rathod that models
3D deformable shape variations and infers 3D shapes from argjle silhouette.
The inference in the proposed framework is computationallye cient as it in-
volves a small number of latent variables to estimate. The méod is easy to
extend to general object categories. It learns and recoverdense and detailed 3D
shapes as well as camera parameters from a single image witHittle interaction
for segmentation. The proposed method can also serve as a gbsubstitution or
approximation of a detailed parametric model especially wken physical structure
of a category is not available.

As future work we shall perform experiments using multiple slhouette inputs
for higher precision and extend the framework to incorporae dynamic models
for inferring shapes from video sequences. Also, 3D objecicognition or ac-
tion recognition can also be done by the pose-free 3D shape shape-free pose
recovered by the proposed method respectively.
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