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Abstract

Inferring 3D body pose as well as viewpoint from a sin-
gle silhouette image is a challenging problem. We present a
new generative model to represent shape deformations ac-
cording to view and body configuration changes on a two di-
mensional manifold. We model the two continuous states by
a product space (different configurations × different views)
embedded on a conceptual two dimensional torus manifold.
We learn a nonlinear mapping between torus manifold em-
bedding and visual input (silhouettes) using empirical ker-
nel mapping. Since every view and body pose has a corre-
sponding embedding point on the torus manifold, inferring
view and body pose from a given image becomes estimating
the embedding point from a given input. As the shape varies
in different people even in the same view and body pose,
we extend our model to be adaptive to different people by
decomposing person dependent style factors. Experimen-
tal results with real data as well as synthetic data show si-
multaneous estimation of view and body configuration from
given silhouettes from unknown people.

1. Introduction

Recovery of 3D body pose is a challenging problem
for human motion analysis with many applications such as
visual surveillance, human-machine interface, and gesture
recognition. Despite the high dimensionality of the body
configuration space, many human motion activities lie in-
trinsically on low dimensional manifolds. Exploiting such
property is essential to constrain the solution space for many
problems such as tracking, posture estimation, and activity
recognition. The observed motion, in terms of body shape
contour, lies on a low dimensional manifold as well (vi-
sual manifold). However, the observed motion manifold
changes given the viewpoint.

Recently, there are several approaches to model human
motion with view variant observations. Separate view-
based shape representations are used to model changes
of shape in different views with separate dynamic mod-

els in [4, 2]. In [8], shape variations in different views
as well as configuration variations due to motion dynam-
ics are integrated with pictorial view-dependent shape mod-
els and Hidden Markov Models(HMMs). In [11, 5], view
invariant representations of body configurations using vi-
sual hulls are computed from multiple calibrated camera.
Canonical projection after camera calibration are also used
for view invariant gait recognition and tracking [7]. Ap-
pearance manifold representations from dense view vari-
ant images are explored for object recognition in arbitrary
views [9]. However in these appearance manifolds does not
cover dynamic variations of appearances, which are essen-
tial in human motion analysis. Our work can be regarded as
extending view manifold representation to include dynamic
objects by modeling shape variation manifold due to con-
figuration changes in addition to view variations.

Modeling both the view and body configuration mani-
folds for human motion jointly is a very challenging task
as it requires modeling two continuous manifolds in a joint
space. We consider learning the shape manifold of a per-
son walking, a one dimensional manifold motion, observed
from different view points along a view circle at fixed cam-
era height. Such setting, although limited, is very useful
for many applications such as surveillance where walking
and running are the most frequent motion as well as in sport
analysis. We model view and configuration manifold on
a product space (different configuration × different views)
and therefore lie on a two dimensional manifold in the vi-
sual input space. Assume we have a dense sampling of such
data, we model the view and body configuration manifolds
in two orthogonal axis on a two dimensional manifold. For
a periodic motion such as gait, since the data we consider
are two dimensional where both the view and the configu-
ration are closed manifolds, this is topologically equivalent
to a torus which is also a two dimensional manifold embed-
ded in a three dimensional Euclidean space as explained in
Sec. 2.

Given a shape instance, we need to recover both the body
configuration and view using the learned model. Inferring
body pose and view is formulates as estimating embedding
points from a given input as there is a corresponding em-
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bedding point for every body configuration and view on
the continuous torus manifold. We can estimate an embed-
ding point for a given image using approximation of inverse
mapping from manifold points to visual inputs with con-
straints as explained in Sec. 3. Experiments with synthetic
silhouette images show accurate estimation of body config-
uration and view from view variant walking sequences in
Sec. 4.1. From real data, we have to count variations of
silhouettes in different people. We model individual differ-
ences from the variations of mappings between the embed-
ding and input silhouette shapes in Sec. 2.1. In addition to
estimation of person style factor, we further tuned view and
configuration estimation by two one dimensional search on
the torus manifold based on sampling in Sec. 3.2. Experi-
mental results with real data show simultaneous estimation
of view and body configuration from given silhouettes as
well as person style in Sec. 4.2.

2 Modeling View and Configuration: Torus
Manifold Embedding

We use a torus manifold as a representation of the joint
view and configuration state. A torus manifold, a two di-
mensional manifold embedded in a three dimensional Eu-
clidean space with a single hole, is useful to represent peri-
odic dynamic human motion observed from a viewing cir-
cle. The body configuration in periodic motion observed
from a single view is a one dimensional manifold and home-
omorphic to a circle. The view manifold given a fixed body
configuration also can be modeled as a closed one dimen-
sional manifold that is also homeomorphic to another circle.
The view and the body configuration are independent. The
joint manifold representing body configuration and view
can be as a two dimensional manifold with two orthogo-
nal coordinate axes: one for view and the other for body
configuration.

The torus manifold can be constructed from a rectan-

gle, which can be represented by two orthogonal coordinate
with range [0 1] × [0 1], by gluing both pairs of opposite
edges together with no twists [6]. The view and body con-
figuration manifold can be parameterized in the rectangle
coordinate with two orthogonal axis on the torus manifold.
Any manifold point in the torus can have two circles :one is
in the plane of the torus and the other is perpendicular to it.

We represent any view and configuration as a point on
the torus manifold with two independent parameters. Let
the radius from the center of the hole to the center of the
torus tube be Rc, and the radius of the tube be Ra, then a
torus symmetric about the z axis can be described(

Rc −
√
x2 + y2

)2

+ z2 = Ra. (1)

It can be parameterized by µ, ν as

x = (Rc +Ra cos 2πν) cos 2πµ,
y = (Rc +Ra cos 2πν) sin 2πµ,
z = Ra sin 2πν, (2)

where u, v ∈ [0 1]. Fig. 2 (a) shows coordinate of a torus
manifold when Rc = 2, Ra = 1.

The torus can be used as a conceptual embedding for
the joint view and configuration manifold. Given the torus
manifold, we can learn a nonlinear mapping between points
on the torus and the input sequences with continuous view
and pose variations. By Eq. 2, we can represent any point
on the torus manifold by a function g of the two variables µ
and ν as [x y z] = g(µ, ν). We define an empirical kernel
map [10] as ψN (x) : R

3 → R
Nµ×Nν+Np

ψ(x) = [φ(x, z1 1), φ(x, z1 2), · · · , φ(x, zNµ Nν ), 1,xT]T

(3)
where zij are representative points on the torus as kernel
centers with Nµ is the number of kernel centers in µ axis
and Nν is the number of kernel center in ν axis. The total
number of kernel is N = Nµ ×Nν . Np is the dimension of
polynomial terms used for approximate solution of embed-
ding points.

Given input shapes with all views and all poses yvb and
their corresponding torus embedding xvb, we can learn a
nonlinear mapping in the form

yvb = D · ψ(xvb) = D · ψ(g(µv, νb)). (4)

Such model can be learned by solving a linear system as
in [1]. Using this model, for any view given v and body
configuration b sequence, we can generate a new observa-
tions where µv is view representation in the µ axis, and νb

is body configuration representation in ν axis of the torus
manifold. Fig. 2 (c) (d) (e) show examples of generation
of new sequence by different sampling of embedding points
on the torus manifold. Corresponding sample trajectories
are shown in Fig. 2(b).
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Figure 2. Torus embedding of continuous view and pose
variant dynamic human motion: (a) 3D Cartesian coordi-
nate and µ, ν axis. (b) Trajectory on torus manifold ac-
cording to view and configuration change. (c) Synthesis of
body pose variation in fixed view (µ = 0.25, ν : 0 → 1).
(d) Synthesis of view variations in fixed body configuration.
µ : 0 → 1, ν = 0.3. (e) Synthesis of view and body con-
figuration variation. µ : 0 → 1, ν : 0.25 → 0.75

2.1 Multiple People View and Configura-
tion Models

For the same view and body configuration, different
people shows different silhouette shapes. In our previous
work [3], we presented an approach for decomposing style
variations in the space of nonlinear mapping coefficients
from an embedded manifold to the observation space. In
that work, a single view is considered where different peo-
ple shapes are considered to be the style variability. How-
ever, the solution provided in [3] cannot be generalized to
the case of different views since at each view, the body con-
figuration manifold will be quite different. We extend the
framework presented in [3] to model person-specific shape
style given the embedding of both the view and motion
manifolds described earlier.

Since we have a unique embedding of view and config-
uration on a torus manifold, the differences of silhouette
among different people with the same view and configura-
tion is reflected on the nonlinear mapping. Given Np per-
sons’ data with different views and configurations, we learn
Np different person-specific mappings where for person p
the mapping is

yp
vb = Dp · ψ(xvb) = Dp · ψ(g(µv, νb)). (5)

After arranging each mapping coefficient as a vector dp by
column stacking Dp, we can arrange these coefficient vec-
tors as a matrix

C = [d1 d2 · · ·dNp ] (6)

where each column is the person-specific mapping coeffi-
cients. By decomposing the matrix C using singular value

decomposition as C = USV T we can obtain the ba-
sis for the shape style space. Therefore, We can obtain
person-specific mapping coefficient vector dp = Ap where
A = US and p is person style vector. Now person depen-
dent view and configuration model can be represented by

yp
vb = A× p × ψ(g(µv, νb)). (7)

Where A is the third order tensor with dimensions Nν ×
Nµ×Np obtained from be restacking matrix A accordingly.

3 Inferring View and 3D Body Pose

3.1 View and Configuration Estimation

We can estimate view and pose directly from the torus
embedding coordinates. A solution for view and body con-
figuration x∗ can be obtained by least square solution for
the nonlinear system

x∗ = arg min
D

||y − D · ψ(x)||2. (8)

We can find embedding coordinate x from Eq. 4 using the
pseudo-inverse of the mapping function.

ψ(x) = D+y (9)

By utilizing the linear polynomial term in the empirical ker-
nel map, we can achieve a closed-form least square linear
approximation by the pseudo-inverse of the coefficient ma-
trix D+. Vector ψ(x) can be recovered by ψ(xt) = D+y.
Linear approximation for the embedding coordinate x∗ can
be obtained from the polynomial term [1 x∗] in ψ(x∗).

We can estimate the view configuration µ and body con-
figuration ν directly from the estimated embedding point.
For a given embedding coordinate x∗, y∗,and z∗, the view
and body configuration ν∗, µ∗ have the unique solution

ν∗ =
1
2π

tan−1

(
z∗√

x∗2 + y∗2 −Rc

)
,

µ∗ =
1
2π

tan−1

(
y∗

x∗

)
(10)

with additional constraints of Eq. 1, which force the esti-
mated coordinate stay on the surface of the torus. As a
result, we achieve estimation of µ and ν in a closed-form
approximation for a given input without any iterative es-
timation. Fig. 3 shows embedding of collected view and
configuration samples used for training (a), estimated co-
ordinate points x∗ without constraints (b), where some of
the estimated coordinate points are out of the embedding
manifold, and with constraints (c). Final estimation of view
parameter and configuration parameter by Eq. 10 is shown
in (d) and (e). It can be noticed that the estimated configura-
tion parameter changes linearly in each walking cycle since
the configuration is embedded at equidistant points on the
torus embedding.
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Figure 3. Embedding and Estimation of View and Con-
figuration for Training Sequences: (a) Embedding for train-
ing sequences. (b) Approximate coordinate estimations. (c)
Projection on the coordinate manifold. (d) True and esti-
mated view parameters. (e) True and estimated body con-
figuration parameters.

3.2 Estimating View and Configuration in
Multiple People

We need to estimate person style parameters in addition
to the view and configuration parameters for multiple peo-
ple model in Sec. 2.1. We perform further two one dimen-
sional searches of embedding parameter for robust estima-
tion of view and configuration after approximate style esti-
mation.
Person Style Estimation: If the person vector p is known,
we can solve for the view and body configuration using lin-
ear polynomial term. For known person with style parame-
ter pest, we can compute the mapping coefficients Dest =
A× pest. So, Eq. 5 can be written ynew = Destψ(x) and
we can estimate view and configuration for a given input as
described in Sec. 3.1.

On the other hand, if the view and body configuration are
known, we can solve for person vector pest using the known
embedding coordinate. For given person classes pks, and
view and body configuration x the observation can be con-
sidered as drawn from a Gaussian mixture model centered
at A× pk × ψ(x) for each person class k. The observation
probability p(y|pk,x) can be computed as

p(y|pk,x) ∝ exp(−||y−A×pk ×ψ(x)||2/(2σ2)) (11)

We can approximate a new person style vector as a linear
combination of the person classes learned from the train-
ing data as vnew =

∑
k wkvk where the weights wk are

set to be p(pk|x,y). As we can solve for person style vec-
tor by estimating weight for known view and body config-
uration and we can solve for view and body configuration
for known person vector, we can estimate view and body
configuration in an EM-like iterative procedure. The ini-
tial view and configuration estimation can be started using
a mean person style vector p̄
View and Configuration Parameter Search: In order to
achieve robust estimation of view and body configuration,

we search view and body configuration parameters based
on sampling along the embedding manifold points. As the
estimation of view and body configuration depends on the
accuracy of style estimation based on least-square solutions
in the nonlinear mapping in Sec. 3.1, the estimation of view
and configuration are vulnerable to inaccurate style estima-
tion. We can achieve fine tuning of view and configuration
estimation by utilize the generative power in our model.

As our model can generate shapes corresponding to any
view and configuration parameter with preserving nonlinear
properties in shape variations, we can compare any given in-
put silhouette with sample silhouettes generated for all the
possible view and configuration parameters. But generating
all the samples that cover the embedding torus manifold will
be too expensive to be useful in real applications. However,
if we assume one of the parameter is known, estimation of
the other parameter can be one dimensional search along
the orthogonal axis for the known parameter. For exam-
ple, if we know the view parameter for given input, then we
can sample one dimensional configuration parameter in the
given view plane, which is a circle on our torus manifold.

νi∗ = argmin
i

||yinput − A × pi × ψ(g(µ∗, νi))||,

where νi = i
Ns
, i = 1 · · ·Ns, Ns is sample number. Sim-

ilarly, based on estimated configuration parameter and per-
son parameter, we can estimate view with sampling along a
view embedding circle constrained by estimated configura-
tion parameter. We can repeat these iterations several times.
Our experimental results in Sec. 4.2 show that even one it-
eration of the two one dimensional search of view and the
configuration after style estimation shows large improve-
ment of view and configuration parameter estimation.

3.3 3D Reconstruction

We can reconstruct 3D body pose directly from configu-
ration parameter ν. To reconstruct 3D body pose, we learn
RBF interpolation function between the body joint coordi-
nates and body configuration parameter on the torus. We
represent the 3D body pose using 18 joints’ model and each
joint is represented by its coordinates in a body centered
global coordinate system. As a result, for any body config-
uration parameter ν, we can reconstruct 3D body pose as
shown in the following experimental results.

4 Experimental Results

4.1 Synthetic Gait with Circular View
Variation

Synthetic data are used to evaluate accuracy of the view
and configuration estimations with known ground truth val-
ues. We collected walking sequence from 12 different views



with view interval 30o = 360
12 using Poser R© animation soft-

ware based on motion capture data. 12 sequences are used
for learning torus manifold embedding for view and con-
figuration with Nµ = 12, and Nν = 14. Fig. 1 shows
some examples of normalized silhouette sequences used for
learning nonlinear mapping between torus manifold embed-
ding and visual input. Fig. 3 (a) shows embedding of image
sequences for training data.

We collected three cycle gait sequences with circular
view variations to test the accuracy of estimating interme-
diate views and configurations. During three walking cy-
cles, the view was changed in a constant speed starting at
0o to 360o view. We compute true body pose embedding
based on detected cycles. Each cycle embedded in equally
separated points on the torus manifold. Fig. 4 shows input
silhouette sequence samples (a), and generated new silhou-
ettes (d) using estimated view (b) and body configuration
(c). Estimated view parameter shows continues change of
view. Compared to the true view parameter, the average er-
ror in view estimation µ is 0.0495, which is corresponding
to 17.8o error. For the body configuration, when we assume
constant speed walking and equidistant embedding based
on segmented cycle, the average error in body pose param-
eter ν is 0.084, which is corresponding to around 3.4 frame
difference in pose estimation when one cycle is 40 frames.
Average reconstruction error of 3D position of all the joints
(including end segment) was 2.16 inch. Fig. 4 (e) shows es-
timated embedding trajectory points on the torus manifold.
When we performed the same experiment with dense view
samples (10o interval, which 3 times more data than the
previous ones), we can achieve more accurate estimations
of view and body configuration parameters: average view
error 13.3o, configuration 2.7 frame,and 3D reconstruction
error 1.86 inch per joint location.

4.2 Estimation of View and Body Config-
uration from Real Data

For real data set, we collected walking sequences on a
treadmill for five people with 11 different views around cir-
cle in the same camera height. Fig. 5 shows an example
of normalized silhouette shape representation. To achieve
consistent shape representation in different people, we per-
formed normalization with silhouette correction by apply-
ing image filtering, cropping, manual hole filling and re-
sizing for the extracted silhouette image. We parameter-
ized shape contour using signed distance function for ro-
bust shape representation in learning and matching shape
contour as in Fig. 5 (d).
Estimation of View and Body Pose in Intermediate
Views: We tested estimation of view and body pose for
new camera views which are not used for learning. We used
7 views for training and 4 other views of 140 frames are
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Figure 4. Estimation of view and body configuration for
synthetic data: (a) Input silhouettes. (b) Estimated and true
view parameters. (c) Estimated and true body pose parame-
ters. (d) Reconstructed silhouettes based on view and body
configuration estimation. (e) Estimated and true torus em-
bedding trajectory. (f) 3D model used for reconstruction.
(g) 3D reconstruction based on estimated body pose param-
eters.

used for testing intermediate view and configuration esti-
mations. 140 frames from 4 different views in a cycle are
used. Fig. 6 shows experimental results. The experimental
result shows that accurate estimation of body configuration
even though some of the view shows offset in the estimated
view parameters.
View and Body Pose Estimation in Multiple People: We
collected data for four people with seven different views to
learn a generative model with four dimensional person vec-
tor (Np = 4) as explained in Sec. 2.1. Fig. 7 (a-d) show
after person style parameter estimation using closed form
solution. You can see errors in view and configuration by
comparing the reconstructed image and original input im-
ages. By additional two one-dimensional search for view
and body configuration parameters as proposed in Sec. 3.2
improves estimation results in Fig. 7(e-i). The reconstructed
silhouette shapes are closed to the input shape and the esti-
mated view parameter (g) is close to the true view parameter
µ = 0.125.

5 Conclusions

We formulated inferring view and body pose estimation
as estimating embedding point on torus manifold, where we



(a) Input (b) Silhouette (c) (d)

Figure 5. Captured data and its shape representation: (a)
An example of captured image frame. (b) An extracted sil-
houette after background subtraction. (c) Normalized sil-
houette with corrections. (d) Shape representation based on
signed distance.
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Figure 6. Estimation of view and body configuration
for intermediate fixed view : (a) Input silhouettes. (b)
Estimated and true view parameters. (c) Estimated and
true body pose parameters. (d) Reconsturcted silhouettes
based on view and body configuration estimation.(e) recon-
structed 3d pose

model cyclic view and configuration change on two dimen-
sional manifold. In order to estimate view and configuration
in real data from multiple people, we decomposed person
dependant factors in the mapping space. Estimation of per-
son factor and embedding in iterative way allows estimation
of view and configuration from real new person data. The
proposed simultaneous view and body pose inferring from a
single image will be very useful for initialization for track-
ing human motion in arbitrary view and other recognition
of human activities based on inferred body configuration.
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