IEEE TRANSACTION ON PATTERN RECOGNITION AND MACHINE INTELIGENCE (UNDER REVIEW) 1

Tracking People on a Torus

Ahmed ElgammaMember, IEEEand Chan-Su Le&Student Member, IEEE,
Department of Computer Science, Rutgers University
Piscataway, NJ, USA

Abstract— We present a framework for monocular 3D kine- for periodic motion, such as walking or running, or it can
matic posture tracking and viewpoint estimation of periodic and e an open trajectory for non periodic motions, such as a
quasi-periodic human motions from an uncalibrated cameraThe golf swing or kicking. It follows that, the observed motion
approach we introduce here is based on learning both the vial ¢ f bodv sh ther f 't fi fi I',
observation manifold and the kinematic manifold of the moton '" €rMS _O 0_ y shape _or other Teature conngurations, |_es
using a joint representation. We show that the visual maniftd  ONn low-dimensional manifolds as well (we call that the vi-
of the observed shape of a human performing a periodic motion sual manifold or the observation manifold). Exploiting Buc
observed from different viewpoints, is topologically equialent to  properties, as well as the relation between the configuratio
a torus manifold. The approach we introduce here is based on \,anjifolds and the visual manifolds, is essential to coirstra

supervised learning of both the visual and kinematic manifolds. th luti f bl h as tracki i
Instead of learning an embedding of the manifold, we learn te '€ SOIUUION Space or many problems such as tracking, postu

geometric deformation between an ideal manifold (concepml €Stimation, and activity recognition. However, it is noeat
equivalent topological structure) and a twisted version ofthe what is the best way to exploit such manifold constraints. Is

manifold (the data). Experimental results show accurate @8na- it through learning the visual observation manifold, thelypo
tion o_f the 3D body posture and the viewpoint from a single configuration manifold, or both?
uncalibrated camera. When dealing with the visual manifold of a motion, we
Index terms Human Motion Analysis, Tracking, Manifold need to model the different sources of perceptual vartgbili
Learning, Supervised Manifold Learning, Periodic Motion affecting this manifold, including the view and the body
configuration. Modeling the visual manifold for human matio
with both the view and body configuration factors jointly is
) ) a very challenging task and is useful for tracking, posture
Tracking the human body and recovering the 3D bodystimation, and view estimation. In this paper, we considier
posture from images is a challenging computer vision prabley oplem for simple classes of motion. We consider learning
with many applications such as visual surveillance, humagie visual manifold (in terms of shape) of a person perfogmin
machine interface, video archival and retrieval, compater 5 gne-dimensional manifold motion, such as walking, rugnin
imation, autonomous driving, virtual reality, etc. Traolit- or golf swing, observed from different viewpoints. Such a
ally, these problems have been addressed through geraaerag_g/tting, although limited, is very useful for many applioas
model-based approaches. Such approaches typically eequjich as surveillance where walking and running are the most
a body model and a calibrated camera in order to obtafaquent motions. Similarly, this setting is useful in spor
observation hypotheses from configurations. The recovéryéhawsis where motions such as golf swings, baseball ifche
the 3D configuration is formulated as a search problem fffnnis serves, etc., are all one-dimensional manifold enoti
the best model configuration that minimizes an error metrjg, previous work has addressed the full modeling of views
given the visual observation. Similarly, 2D view-based Yodyng configurations for tracking and inference even for such
models can be used. Alternatively, discriminative apphesc simple motions.
have been suggested, which learn mapping functions from therhe approach we introduce in this paper is based on learn-
visual observation to the 3D body configuration. Whethee, thg the visual observation manifold in a supervised manner.
approach is generative or discriminative, the main chgkenT,aditional manifold learning approaches are unsupedyise
is in the high dimensionality of both the body configuratioghere the goal is to find a low-dimensional embedding of the
space and the input space. Another challenge stems from fagy  However, for manifolds with known topology, manifold
large variability in human appearance in images. learning can be formulated in a different way. Manifold
Despite the high dimensionality of the body configurasarming is then the task of learning a mapping from/to a
tion space, many human activities lie intrinsically on |0Wtopological structure to/from the data where that topatabi
dimensional manifolds. Recently, researchers (e.g. M. [structure is homeomorphic to the data. In this paper we argue
[3], [4], [5], [6]) have been increasingly interested in &ipNg  that this supervised setting is suitable to model humanansti
the manifold structures of different human motions. For ynafpat lie intrinsically on one-dimensional manifolds, whet
motions such as locomotion, kicking, golf swing, gesturegjgpsed and periodic (such as walking, jogging, running,)etc
etc., the body configuration changes along a one-dimerisioa@Open (such as golf swing, kicking, tennis serve, etc.). We
manifold. Such body configuration manifolds can be closeghow that we can model the visual manifold of such motions
, _ _ _ (in terms of shape) as observed from different viewpoints by
Chan-Su Lee is currently with the School of Electronic E@pmmunica-

tion Eng. & Computer Science, Yeungnam University, Regubfi Korea. mapping that manifmd to a toroid topological ;truc_:ture. )
This research is partially funded by NSF CAREER award |18652. There are different ways to see the contribution of this

I. INTRODUCTION
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paper: likelihood problem, e.g. [16]. Such approaches achieve sig

« A generative model for dynamic shapes: the approadlficant success when the search problem is constrained as in
presented here serves as a generative model (a generdligetracking context. However, initialization remains thest
function) for the observed shapes of human motion froghallenging problem. The dimensionality of the initiatipa
different viewpoints and for different people’s shapegroblem increases as models for variations between inad
For example, for gait, the model can generate walkirig Physical body style, variations of action style, and/adels
figures at different body configurations, from differenfor clothing are incorporated. Partial recovery of body fagur
viewpoints, and for different people’s shapes, where eat#tion can also be achieved through view-based repregamat
of these factors is parameterized in a low-dimension@nodels), e.g. [18], [19], [20], [21], [22], [23], [24]. Inugh
continuous space. The generative model does not g&ses, constancy of the local appearance of individual body
any 3D body model to generate observations; rather, itRérts is exploited. The main limitation with such approache
based on learning the manifold of the observed shapels that they deal with limited view configurations, i.e., agle

« Supervised manifold learning: the approach presentedvigw or a small set of discrete views.
this paper is a supervised approach to learn manifoldsAlternatively, discriminative approaches have been pro-
with known topology In such cases, we can think ofposed. In such approaches, recovering the body postureecan b
manifold learning as learning the deformation from aAchieved directly from the visual input by posing the prable
idealistic structure to the data. In other words, we lea& @ supervised learning problem through searching a pre-
a generative model of the manifold. labeled database of body postures [25], [26], [27] or thibug

« The approach presented in the paper links together bd@arning regression models from input to output [28], [26],
the visual manifold (input) with the kinematic manifold[29], [30]. All these approaches pose the problem as a machin
(output) through a shared representation. By linking thetgarning problem, where the objective is to learn an input-
two manifolds, we can track visual observations (inpugutput mapping from input-output pairs of training dataclsu
and infer body posture (output) in a direct way. approaches have great potential for solving the initisilira

« Efficient tracking: The approach presented in the papefoblem for model-based vision. However, these approaches
provides a practical solution for tracking a certain clag¥e challenged by the existence of a wide range of varigfilit
of human motions. The resulting state space is low #he input domain. Another challenge is the high dimensignal
dimensionality, and therefore, efficient tracking can bef the input and output spaces of the mapping, which makes
achieved. such a mapping hard to generalize.

The organization of the paper is as follows: Section II The approach we introduce in this paper is generative.
discusses the relation to previous work in different arses- However, unlike traditional generative approaches, tiere
tion 11l describes the general solution framework. Sectitvi  €xplicit 3D or 2D body model. The observations are generated
and V describe using a torus manifold for jointly modelinghrough a regression model based on an embedded repre
both view and ConﬁgurationS. Section VI describes how tr@ntaﬁon of the motion manifold. Similar to discriminativ
approach fits in the Bayesian tracking framework. Section V@PProaches, an input-output mapping is learned. However,
describes several experimental results and evaluations p#like discriminative approaches, the mapping in our case

formed to validate the approach and its applicability. is from a shared manifold representation to both the input
and the output. Therefore, instead of being “model-based”,
Il. RELATED WORK the representation we use is “manifold-based”. Insteadnof a

There are different bodies of research related to this pap%)sézgcn 3D model, a continuous view-based representation
Here we focus on closely related work to put this paper into

context.
B. Manifold-based Human Motion Analysis

A. Human Motion Analysis - generative vs. discriminative Despite the high dimensionality of both the human body
In the last two decades, extensive research has focusedfiguration space and the visual input space, many human
on understanding human motion from image sequences. Afivities lie on low-dimensional manifolds. In the laswfe
refer the reader to excellent surveys covering this topichs years, there has been increasing interest in exploiting thi
as [7], [8], [9]. The problems of tracking and recoverindact by using intermediate activity-based manifold repres
body configuration have been traditionally addressed tiroutations [31], [32], [1], [33], [34], [3], [4], [6], [35]. In @r
generative model-based approaches, e.g., [10], [11],[12], earlier work [1], the visual manifolds of human silhouette
[14], [15], [16]. In such approaches, explicit 3D articéldt deformations, due to motion, have been learned explicitly a
models of the body parts, joint angles, and their kinematicsed for recovering 3D body configuration from silhouettes i
(or dynamics), as well as models for camera geometry aacclosed-form. In that work, knowing the motion provided a
image formation, are used. Recovering body configuration $trong prior to constrain the mapping from the shape space
these approaches involves searching high-dimensionakspao the 3D body configuration space. However, the approach
(body configuration and geometric transformation), whiah ¢ proposed in [1] is a view-based approach; a manifold was
be formulated deterministically as a nonlinear optim@ati learned for each of the discrete views. In contrast, in thjsep
problem, e.g. [17], [13], or probabilistically as a maximunthe manifold of both the configuration and view is learned in a
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continuous way. In [33], manifold representations learineh Also, related to this paper, is research on multilinear mod-
the body configuration space were used to provide constraiats, which extends subspace analysis to decompose multiple
for tracking. In both [1] and [33] learning an embeddedrthogonal factors using bilinear models and multilinesisor
manifold representation was decoupled from learning tlamalysis [46], [47]. Tenenbaum and Freeman [46] formulated
dynamics and from learning a regression function between tthe separation of style and content using a bilinear model
embedding space and the input space. In [35], coupled larnframework [48]. In [47], multilinear tensor analysis waseds
of the representation and dynamics was achieved throughdecompose face images into orthogonal factors control-
introducing Gaussian Process Dynamic Model [36] (GPDMIing the appearance of the face including geometry (pepple)
in which a nonlinear embedded representation and a nonlineapressions, head pose, and illumination. N-mode SVD [49]
observation model were fitted through an optimization pssceis used to fit multilinear models. Multilinear tensor anadys
GPDM is a very flexible model since both the state dynamiegs also used in [50] to factorize human motion styles. The
and the observation model are nonlinear. The problem applications of bilinear and multilinear models in [46],7]4
simultaneously estimating a latent state representatapled [50] to decompose variations into orthogonal factors were
with a nonlinear dynamic model was earlier addressed in [3plerformed in the original observation space. In contrast, i
Similarly, in [6], models that coupled learning dynamicgtwi our earlier work [51], bilinear and multilinear analysis nee
embedding were introduced. used in the space of the mapping functions between an average

Manifold-based representations of the motion can be learnmanifold representation and the observations to decontpese
from kinematic data, or from visual data, e.g., silhouefté®e variability factors in such functions. In this paper, we dise
former is suitable for generative model-based approachés similar approach to decompose shape “style” variabilities
provides better dynamic-modeling for tracking, e.g., [33]. the space of the mapping functions between the embedded
Learning motion manifolds from visual data, as in [1], [38]manifold representation and visual observations.
[4], provides useful representations for recovery andkirar
of body configurations from visual input without the need for I1l. FRAMEWORK
explicit body models. The approach we introduce in this pape .
learns a shared representation for both the visual manifﬁd Graphical Model
and the kinematic manifold. Learning a representation ef th This section aims to discuss the characteristics of useful
visual motion manifold can be used in a generative mann@presentations for tracking the visual observation ot
as in [1] or as a way to constrain the solution space féated motion. In particular, we consider visual observagio
discriminative approaches as in [2]. The representation wieforming through a one-dimensional manifold motion, such
introduce in this paper can be used as both: a generativelmatie gait, golf swings, etc. We start by defining the basic
for tracking or as a discriminative model for recovering theanifold terms, which we are going to use throughout the
body configuration from a visual input. paper, and then we will explain their relationships.

Let us consider an articulated object motion observed from
a camera (stationary or moving). Such a motion can be
represented as a kinematic sequetlger = z1,--- , 27 and

The approach we introduce in this paper focuses on learniolgserved as an observation sequelice: = y1,--- ,yr. In
the visual manifold of deformable shapes where the defdhis paper, without loss of generality, by observations we
mation is due to both the underlying motion and the viemainly mean shape contours. A similar argument applies
variability. Learning the view and illumination manifoldf to any vector representation of the observations. With an
rigid objects has been studied in [39]. In that work, PCAccurate 3D body model, camera calibration, and geometric
was used to achieve a linear embedding for the joint vietnansformation information, we can explaifi.r as a projec-
and illumination manifold for object recognition. Leargin tion of an articulated model. However, in this paper, we are
motion manifolds can be achieved through a linear subspaoterested in a different interpretation of the relatiorvizEen
approximation, as in [40], [41]. Alternatively, exemplaased the observations and the kinematics that does not involye an
approaches, such as [42], [43], implicitly model nonlinedsody model.
manifolds of observations through points (exemplars) glon The dynamic sequencg;.; lies on a manifold. Let us
the manifold. Such exemplars were represented in the visdeanote this byhe kinematic manifoldThe kinematic manifold
input space. Hidden Markov Models (HMM) were used t@s the manifold of body configuration changes in the kinemati
provide a probabilistic piecewise linear approximatiohjetn space. In addition, the observations lie on a manifofe
can be used to learn nonlinear manifolds as in [31]. Recentiysual manifold Obviously, the observation is a function of not
unsupervised nonlinear manifold learning techniquesh sic only the body configuration but also the viewpoint, person’s
LLE [44], Isomap [45], etc., have been popular for learningppearance, etc. What is the relation between the kinematic
low-dimensional representations of visual manifolds. ikinl manifold and the visual manifold? We can think of a graph-
most previous work on learning the visual manifolds thatal model connecting the two manifolds through two latent
focused on unsupervised embedding of the visual manifoldsriables: a body configuration variablg, and a viewpoint
the approach we introduce here uses the knowledge about\thgablev,. The body configuration variable is shared between
topology of the manifold to achieve an embedded representmth the kinematic manifold and the visual manifold. The
tion of the visual data. viewpoint variable represents the camera location redatiiv

C. Modeling Visual Manifolds
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Fig. 1. A graphical model relating the different manifoldustures

a human-centered coordinate system. The body configuratissual manifold, the kinematic manifold, or both? What are
variable moves on a manifold in the latent space; we dendke tools we need to learn such manifolds? Here we argue
it by the latent body configuration manifol&imilarly, the in favor of a representation that is conceptual, centrati an
viewpoint variable lies on a manifold, denoted the latent generative. Conceptual means thlae representation is not
view manifold learned from the data, but the data is fitted to a manifold nhode
Another variable affecting the observation is the shape a supervised wayCentral meanshe representation jointly
variability among different subjects, i.e., the human shapnodels both the kinematics and observations as well adyoint
space, or the shape style as was denoted in [51]. We denwiedels different people’s manifoldSenerative means thtte
this variable bys, which is a time invariant variable. Givensame representation is used to generate both the kinematics
this graphical model, the tracking problem is an inferen@nd observations .
problem where, given the observatignat timet, we want to
recover the state, which consists of three components: body ) ) )
configuratiorb,, viewpointv,, and shape style The Bayesian B- Supervised Manifold Learning
tracking framework can be used to recursively update theUnsupervised nonlinear dimensionality reduction (NLDR)
state posterior where the latent space manifold represamtatechniques, such as LLE [44], Isomap [45], GPLVM [52],
should provide a constraint on the state’s dynamics. etc., have been popular recently in learning low-dimeredion
Given the definition of the various manifolds, we camepresentations of both visual and kinematic data, as de-
summarize the goals of the our representation as follows: tailed in Section Il. Such techniques aim to achieve low-
1) We want to relate the kinematic manifold with the visuadimensional embedded representations of high-dimenisiona
manifold in order to be able to infer the configuration of thelata for visualization and other data analysis purposes. Th
joint angles from input. main assumptions in such approaches are: 1) the data lie on
2) We want to model the visual manifold with all itsa manifold; 2) enough dense data are available in order to be
variabilities, due to the motion, the viewpoint, and shap&s able to recover the manifold structure from the local streest
In particular, we want to be able to deal with both bodgf the data.
configuration and viewpoints as continuous variables. ThisPerceptually, we might think the visual data lie on a
facilitates tracking subjects from varying viewpoints dize low-dimensional manifold with certain topology. Howevar,
camera motion or changing subject view w.r.t. the camera.reality, visual data might not exhibit such manifold sturet
3) We want the tracking state space to be low in dimensiolm other words, the manifold structure might not be recover-
ality and continuous. The low dimensionality of the trackinable from the data using unsupervised nonlinear embedding
state space is preferred for efficient particle filter tragki approaches. There are many reasons for this problem that
Moreover, despite the nonlinearity in dynamics in both thee will discuss shortly, but we first show an example to
kinematics and the observations, it is preferred that ttenta demonstrate the point. Let us consider the visual manifold
body configuration variable would exhibit simple dynamicsf a simple motion, such as gait, observed from a view circle
i.e., linear dynamics or even constant speed dynamics.  around the person. Such data can be seen in Fig. 2-a . Here,
Given these goals stated, there are certain questions feeillustration, we have no other variations in the data. e.
need to answer: What manifolds do we need to learn, the translation, scaling, noise, or shape styles. The obderv
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shapes represent a product space of two one-dimensional nstate representation over a data-driven representatimh (@s
ifolds representing body configuration and view. Thereforthe one obtained through unsupervised learning as shown in
the data is expected to lie on a two-dimensional manifokigs. 2-d, 2-e) because of its low dimensionality, contiyui
representing the body configuration and view variations. As1d unambiguity. The ideal manifold would also be more uni-
will be shown in Section IV, this manifold is expected tdorm and would not exhibit stretches or squashes, yet it doul
resemble a distorted torus. preserve the topological structure of the data manifoldesin
Figs. 2-d and 2-e show the resulting embedding when LLiey are topologically equivalent. The nonlinear defoiiorat
and Isomap are used to embed such visual'date argue function will take care of stretching and/or squashing thesai
that the resulting embedding is not necessarily useful, noanifold to fit the data.
desirable as a latent embedded representation for tracking2- Using a conceptual representation provides a common
The resulting embedding using any NLDR approach, althougépresentation for different people’s manifolds. The alsu
it preserves the local manifold structure, depends on mamanifolds for different people are expected to twist diiety
other aspects including: 1) the way the visual data is regepending on the shape of the person performing the motion.
resented (shape representation in this case); 2) the déstanherefore, a representation learned from a certain persibn w
metric used between visual instances; 3) the choice of thet be useful to generalize to other people. On the other
objective function; 4) the existence noise and other saurdeand, learning such embedded representations from naultipl
of variations. As a result, the embedding obtained is dietc people is not easily achievable since nonlinear dimenfitgna
at some parts and squashed at others to fit the actual da@uction techniques, as mentioned above, deal with one
local manifold structure. These stretches reflect the factananifold and would have trouble dealing with inter-persod a
mentioned above and do not reflect the conceptual distanicga-person manifolds. Many researchers are activelgying
between instances. This results in a representation thaitis style-content separation approaches that can learn eretiedd
continuous. Continuity is very important in any latent statrepresentations of the posture from multiple data setgigva
space, since sampling on the surface of the manifold is nkeede the identity of the person [54], [51]. Specifying the ttgmy
for tracking. Notice that the embeddings shown in Figs. 2af the posture manifold, as we do here, achieves a conceptual
and 2-e are 3D embeddings and sampling on the surfacecofitent representation, invariant to the identity. Maukglihe
the manifold will be needed while tracking. style variability is achieved by factorizing the defornaati
For manifolds with known topology, instead of unsupervisefdinctions as will be shown in Section V-C.
embedding, a conceptual supervised topology-presergpg r 3- The ideal manifold is a shared latent (common) repre-
resentation would be advantageous for tracking. Before wentation between both the visual (input) manifold and the
further justify the use of such a conceptual representatien kinematic (output) manifold since it is topologically egalient
will first explain the framework. If the manifold topology isto both of them. Therefore, the ideal manifold would serve
known, manifold learning can be formulated in a differenywaboth in tracking the visual observation and in recovering th
Manifold learning is then the task of learning the nonlinearonfiguration of the body joints. Learning a shared manifold
deformation of the data manifold from aideal manifold representation between an input and an output manifold can
model. For example, for a periodic motion, such as gait, tladso be achieved in unsupervised way as in [55], [56]. Here,
data lie on a closed trajectory in the space, and hence, the dhe shared representation is specified by enforcing the know
manifold is homeomorphic to a unit circle. We can think ofopology.
the data as a deformed circle and the task of learning would be&t- Instead of learning nonlinear dynamics from the actual
to learn the nonlinear function that deforms a unit circléh® data, we can impose simpler dynamic models on the ideal
data. In other words, how can the data be generated, knowmgnifold. The nonlinear deformation function would traorsfi
an equivalent “idealistic” topological structure? In fathis such simple dynamics to the nonlinear dynamics of the data.
view can be even extended to the case where the data maniteddl example, for a periodic motion, moving along a unit
does not share the exact topology with the ideal manifold. Foircle with equal steps would correspond to nonlinear steps
example, the gait manifold can intersect itself in the visuin the data space. This yields a simple constant-speedrlinea
space but, still, we can learn the deformation from a urdynamic system in the latent space and, therefore, sinwmlifie
circle to the data. We will show in the next section that a $orihe tracking.
manifold is a good manifold model for visual data similar to 5- This model is generative, and therefore, can be directly
the one we consider in this section (periodic motion obskrvased for synthesizing data. This fits directly into the Béyes
from a view circle), as in Fig. 2-a. Enforcing a topologicafracking framework, since in such a setting we need to gémera
structure can also be achieved by adding a constraint to tteservation hypotheses given a state representation liwaéva
objective function in unsupervised NLDR as was done in [53lhe state posterior.
There are several reasons why such a supervised approach is

advantageous and more suitable when the topology is KNOWR; v/ \ew AND CONEIGURATION JOINT REPRESENTATION

1- The ideal manifold model would be advantageous as a )
A. Why a Torus Manifold?

1To obtain these results we represent shapes as implicitdetéunctions to In this section. we show that a torus manifold is tOpOlOgi-
impose smoothness between shape instances in order t@reébevmanifold. . ’ . . . .
cally equivalent to the visual manifold resulting from ateér

The shape representation is described in section V1. Otfsgresrepresentation ) ! ) 8 )
might be used with more or less qualitatively similar result class of motion observed from a view circle. We will starttwit
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Fig. 2. Data-driven view and body configuration manifolds:Examples of sample data with different views and configpuma. Rows: body posture at
0,+7, 2T, 2T, 2T. Cols:view0, 30,60, - - ,330. (b) The intrinsic configuration manifolds when the view &ni 0, 60, 120, 180, and240. (c) The view
manifolds for five different fixed body postures. (d) (e) Thembined view and body configuration manifold embedding byEldnd Isomap.

a simple periodic motion, such as a simple aerobic exercisedeform to form the kinematic manifold, where the kinematic
gait, observed from a view circle around the person. Later, wlata lie.

show how to deal with other motions and extend the approach

to the whole view sphere. For illustration, we will use thé ga

motion. The gait motion, observed from the same viewpoirfs; Torus Manifold Geometry

is a one-dimensional closed manifold, which is topolodycal A torus manifold, is a two-dimensional manifold embedded
equivalent to a unit circle. This was earlier shown in [1] angh 3 three-dimensional space with a single hole. The torus
can be noticed from embedding view-based observations @gnifold can be constructed from a rectangle with two or-
shown in the examples in Fig. 2-b. We can think of the gajogonal coordinates with the rang® 1] x [0 1] by gluing
manifold as a twisted or deformed circle in the visual inpYoth pairs of opposite edges together with no twists [57].
space. Similarly, the view manifold of a certain body posturrherefore, the torus surface can be parameterized by two
is topologically equivalent to a unit circle, as can be se&en yariablesy,v € [0 1]. Let the radius from the center of
Fig. 2-c. For a joint configuration and view manifold, whergne nole to the center of the torus tube Bg and the radius

the view varies along a view circle, this is a product spagg the tube beR,, then an azimuthally symmetric torus about
and the resulting manifold is the product of two circles,,i.ethe » axis can be described

either a torus or a sphere. Since the configuration manifold )

of a given view and the view manifold of a give posture (Rc — /x2? +y2) + 22 = R,,

intersect at exactly one point, this is equivalent to a torus

manifold. Therefore, the data in Fig. 2-a lie on a deformeghd the parametric equations are

torus in the visual input space. This is also observable figanm

embeddings shown in Figs. 2-d, 2e. The supervised learning v = (R.+ R,cos2mv)cos2mp,

task in this case reduces to learning the deformation from a y = (Re+ R, cos2mv)sin2mpu,

torus to the data. » = R,sin2mv. (1)

On the other hand, the kinematic manifold, which is invari-
ant to the viewpoint, is also a deformed circle in the kinématFig. 3-a shows a torus manifold whet. = 2, R, = 1.
space. Starting from a torus, the kinematic manifold can beAs justified above, the torus is an ideal representation for a
achieved through collapsing the torus along one of its axpsriodic motion observed from a view circle and, therefitre,
to form a circle and then deforming that circle. Therefore, @an be used as a conceptual representation for both the view-
torus manifold acts as an “ideal” manifold to represent bottoint (along one viewing circle) and the body configuration
the latent body configuration and view variablés, v;. On jointly. The view and body configuration manifolds can be
one hand, the torus can deform to form the visual manifoldarameterized in the rectangle coordinate system withvibe t
where the observations lie. On the other hand, the torus aathogonal axes of the torus. Any point on the torus has two
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v (#4(i,0)s V(i) fOr an input instancéz;, y;'). The torus coor-
dinatesy, and v are used to indicate the view and the body
configuration respectively. We propose two ways to achieve
such an embedding.

1) Constant Speed Dynamic§or tracking, we not only
know the topology of the manifold but also may know the
desired dynamics in the state space. It is desired to emieed th
data on a torus in a conceptual way that does not necessarily
reflect their Euclidean distance neither in the kinematecsp
nor in the visual input space. Instead, the objective is tbexn
them on the torus in a way to simplify the tracking. For
example, for periodic motion, such as walking and running,
despite the nonlinearity of the dynamics in both the kinéenat
and the visual input manifolds, we need the latent state
variable to reflect a constant speed on the latent manifdid. T
nonlinear mapping, which will be described in Section V,lwil
transform this linear dynamics to nonlinear dynamics. This
be achieved by embedding the points on equidistant points
along the configuration axis of the torus. Therefore, given a

. 2 sequencéz;,y?),i = 1,--- ,N,v € [0,27) for one cycle of
o the motion (starting and ending with the same posture), the
’ 2 corresponding torus coordinates are set to
(b) N * H(iw) = U/27Ta
JAARRER AR Y S
(©)

2) Geodesics-based Embeddinghe torus representation
is not only suitable for periodic motion but also suitable fo
guasi-periodic and non-periodic motions. By a quasi-mkcio
motion we mean a motion that starts and ends with a similar

WEIAAARYNAAAY
nn l ! ‘ ’ ’ ’ k A K body posture (e.g. a jump motion, or a facial expression
(e) starting and ending with a neutral expression) and, thezefo

Fig. 3. Torus representation for continuous view-variaghaimic human the motion lies on a closed (or almost closed) trajectories.
motion:(a) The coordinate system on the torus: 3D Cartes@ordinates Obviously, for such motions, similar to the periodic case, t
and thep and ,v axes. TheZ axis is perpendicular to the paper plane (b . ' d t t'. t del th . | ifold
Three different trajectories on the torus manifold acawgdio the view and orus 1s _a gO(_) represen a on _0 mo _e : _e visual manifo
configuration changes shown in parts c,d, and e. (c) Syrgtadeody posture under viewpoint and configuration variability. On the other
variations with a fixed view = 0.25,v : 0 — 1). (d) Syntheses of view hgnd, the torus representation is also useful for non-gierio
variations with a fixed body configuratiop.: 0 — 1, = 0.3. () Syntheses ti h the bod fi ti ifold i
of both view and body configuration variatiop:: 0 — 1,v : 0.25 — 0.75 mo lons_ where the 0 y connguration mani O IS a one-
dimensional open trajectory (e.g., a golf swing), and the
motion starts and ends at different body posture. In such
orthogonal circlek one is in the plane of the torus, which wecases, any linear embedding is also homeomorphic to the
use to model the view variable and is parameterized with configuration manifold. For example, a cylinder can be used
The other circle is perpendicular to the torus plane, whieh Wo represent the visual manifold of such a motion. A torus can
use to represent the body configuration and is parameteri2dgp be used in this case, where a part of the torus configuarati
by v. axis can be used to represent the open trajectory. In this
section, we will describe how to use the torus for represgnti
C. Embedding points on the torus both quasi-periodic and_non-perlod!c ope_n-traje_ctorymm
Gi f ki ic datd — The approach described here is suitable in general for
ven a sequence of kinematic ah"_ {Zfl’ 22N} motions where the data might exhibit different acceleratio
Ler()jreselmmg a m(;non, (\ijef use graphics so t\lfvare to rendgg the course of the motion, and therefore, constanidspee
ody silnouettes from different viewpoints along a g'veg%namics might not be achievable in the latent space. It is

viewing circle. Let us denote the silhouette sequence fro sired to embed the data on the torus in a way that preserves
a given viewpoint,y € [0,27), by Y¥ = {y},---,y%}

rather than a temporgl sequence. By em_beddlng points on H?‘Fthe torus are proportional to the geodesic distancesen th
torus, we mean to find the corresponding torus Coord'natl‘aﬁematic manifold

2Actually, two additional circles called Villareau circlasan be drawn at 10 aCh'eve_ this, we f_'rSt em_bed th_e kln_ematlc m"fln'fOld using
the any given point, but we focus on the two simple perpetaiicones. an unsupervised nonlinear dimensionality reduction aggo
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(such as LLE or Isomap). This embedding is used for: 1)
measuring the gap between the beginning and end postures
of the motion in order to map the manifold to a propor-
tional part of the torus; 2) measuring the geodesic distance
along the kinematic manifold. The points are embedded on
the torus in such a way that only a part of the tomus (a)
axis is used proportional to the embedded manifold length.
Let z;,s = 0,---, N be the embedding coordinate of the 3
kinematic sequence;,i = 0,--- , N. The coordinate of point
z; on the torusv-axis is denoted by,, and is set to be
v,, = S;/S, where S, is the geodesic distance of poimnf
to the starting pointg,, i.e., S; = Zjil llz; —xj_1]] and S
is defined to be5 = Sy + ||zn — xoﬂ. The gap between the ™7
first and last embedding points on the torus will%@vgﬁ”. 27
Fig. 4 and Fig. 5 show two examples for the geodesic- 37— — " .
based embedding for two non-periodic motions. In the firp) ' oo
example, a jump motion from 36 views is embedded on a
torus surface. Example images from that motion are shown
in Fig. 13 and Fig. 14. In Fig. 4-a, Isomap is used to embed
the kinematics of the motion. Notice the dense embedding at
the beginning and the end of the motion. This non-uniformity
in the embedding of the kinematics is reflected in the torus
coordinates of the points (notice the dense embedding at the -«

A b M A o a2 N w o

beginning and end of the motion on the torus). This jump 2\
motion is an example of a quasi-periodic motion where the 0
start and the end postures are close. As a result, the gap ol 2 S
the torus is very small. In contrast, a golf swing motion, as e e e RS S

shown in Fig. 5, is an open trajectory motion and, therefor&)

the gap on the torus is larger. Fig. 5-b shows the embeddingraf. 5. Torus manifold with a gap: (a) Example sequence offesgang from

the motion kinematics and Fig. 5-¢ shows the area of the tor{&¢ different views. = 0,0.2,0.3. (b) Embedding of golf swing motion
. ' . . capture data. (c) Visualization of a torus manifold with thegectories of the

surface that is used for the embedding. Fig. 5-c also showge different views shown in (a).

three trajectories on the torus corresponding to threermdifft

views. The corresponding rendered silhouettes are shown in

Fig. 5-a. V. LEARNING MANIFOLD DEFORMATION
A. Learning Manifold Deformation

D. Generalization to the Full View Sphere Learning a mapping from a topological structure to the
data, where that topological structure is homeomorphitiéo t

~ Generalization to the full view sphere around the pers@mta, can be achieved through learming a regularized reanin
is straightforward. The visual manifold of a periodic matio warping function. Let7 denote a topological structure and

observed from the full view sphere around the person is|@ A denote the data manifold, whe# and M share the
deformed order-3 torus of1 x S1 x S1 structure. This can same topology. Given a set of poinf € R% i = 1,--- , K

be justified by discretizing the view sphere into view ciscl# on 7 and their corresponding points € R?,i = 1,--- , K

different heights. Each view circle will yield a deformedus on a manifoldM, we can learn a nonlinear mapping function
manifold. The combination of all these tori is an order-3i®r 4 . R —, RP from 7 to M. According to the representer

or a family of tori. Each point in thi$1 x S1 x S1 manifold  theorem [58], such a function admits a representation in the
represents a certain body configuration observed from ainertform of

azimuth angle and a certain elevation angle. N
In this case, the joint configuration and view manifold can Y= ijk(% zj),
be mapped to a family of tori, which is a subset of the j=l1
product space of three circleS1 x S1 x S1, one for the where{z;},j =1,---, N, is a finite set of points off’, not

body configuration, one for the horizontal view circle and?onnecessarily corresponding to the data points and-) is a

for the vertical view circle. In practice, only a small ranggernel function that combines the coefficient vectéyss RP.
of any vertical view circle is considered. Therefore, th@ ¢ | (3dial basis kernels are used, then this can be interprate

be modeled as a set of rectangles each representing a tQfy§rm of radial basis function interpolation. Such a magpin
manifold for a given view circle, i.e., this can be paramig&dt -5 pe written in the form

by three parameterg,v,¢ for the body configuration, the
azimuth view angle, and the elevation view angle respdgtive y = By(x), (2)
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ORI I 11T

o 1
(a) (b) (c)
Fig. 4. Geodesics-based embedding on a torus for a jump mdi) Isomap embedding for a jump motion’s kinematics fromtiom capture data. (b)
Training data from 36 views embedded on thview - horizontal), . (configuration - vertical) parameter space. (¢) Embeddedtpon the torus for the
training data set and their empirical kernel bases (red x’s)

whereB = [by,--- ,by] is aD x N coefficient matrix and  fit the mapping functiorh : R? — R, which maps from the
W(z) = [k(z, 21), -, k(@ 28)]T 3) torus to the shape space in the form

is a vector of the kernel functions given a paint)(-) : R — y=h(z) =D-¢(g(p,v)), (4)

R™ represents an empirical kernel map [59] to a feature spaggisfying

defined by the{z;} points on7. The coefficient matriB can gt = h(z").

be obtained by solving a linear system in the form . . . .
In this case, we need a set &f basis functions covering

[y yx] = Bl (z1), - (rx)]. the torus surface, which are set uniformly across the sarfac

To avoid overfitting to the training data, regularization i$/sing this model, for any view and body configuratioh, we
needed. Regularizing the RBF mapping in Eq. 2 is a stand&@ generate the corresponding observagiSnFigs. 3-c, 3-d,
procedure and can be achieved by adding a regularization tétnd 3-€ show examples of the generation of new sequences

to the diagonal of the matrik)(z),--- , ¥ (xx)] [60]. using the torus manifold embedding and the nonlinear map-
ping function. Corresponding manifold trajectories arevsh
B. Deforming the Torus: in Fig. 3-b.

) Torus to Kinematic Manifold:Similarly, deforming the
us to the kinematic manifold can be achieved through

the torus, as described earlier, we can learn the deformat 8arning a nonlinear mapping from the torus configuration-
between ’the torus and both'the visual manifold and tl"f‘é(is to the kinematic manifold. Given the embedded points

kinematic manifold. This can be achieved through Iearni?(ﬁ)dW the torus(s., »,) and their corresponding kinematic points

D . ; ; . . .

two regularized nonlinear mapping functions in the form € R, whereD;_g IS the dimensionality of _the klnem_auc

Eq. 2, as will be described next. Space (number ofDJO|_nt angles 3), we can fit a mapping
Let us denote the visual observations py*’} and their function f : R — R™ in the form

cprresponding kingma_\tic data Hy’}, Wher_ev an_db are the z=f)=B-yY(), (5)

view and posture indices. After embedding this data on the

torus, we obtain the embedding coordinafgs, v,} on the Stratifying ,

torus coordinate system, whegg is the view representation 2" = f(w).

on thep axis, andy, is the body configuration representationsiyen this mapping, any pointu,») on the torus can be

on thev axis. , _ directly mapped to a 3D kinematic configuration (positions
1) Torus to Visual Manifold:Deforming the torus to the of the joints).

visual manifold can be achieved through learning a nontinea
mapping function in the form of Eq. 2. Such a function maps ) ) _ )
from the Euclidean space where the torus is embedded to fhel€aming Different People Manifolds from Partial Views
visual data. Notice that we need to map from the EuclideanDifferent people have variations in their observed shapes
space where the torus lives, and not from the torus coomlindue to different body types and different clothing stylesyA
system(u, v) since this coordinate system is not continuous &tacker needs to be able to adapt to the specific trackedmerso
the boundary. The torus representation in the Euclideacespaontour shape. In this section, we show how to learn the torus
provides continuity that is needed in the representation.lE model from different people’s training data. The torus mpde
maps between the torus coordinate system and the Euclideanpresented so far, needs data from all viewpoints (dense
space where the torus is embeddedRdi)( Any point on the sampling of the view manifold) in order to model the visual
torus surface can be represented by a fungioi®?> — R3 of manifolds. Such data cannot be easily obtained in pradtiee.
the two variables: andv such thate = [z y 2]” = g(u,v).  can get around this by using graphics software to synthesize
Given the embedding coordinates on the torus surfaseich data given the kinematics. However, such syntheta dat
x'® = g(uy, ) and their corresponding visual data (silhouwill not model the variability in actual contours, i.e., thleape
ettes),y"® € RP, for discrete posturé and viewv, we can space of different people. Therefore, there are two godl 1

The input is a kinematic sequence and its correspondi
visual data from multiple views. Given the data embedded {



IEEE TRANSACTION ON PATTERN RECOGNITION AND MACHINE INTELIGENCE (UNDER REVIEW) 10

learn different people posture-view manifolds from onlaisge The model in Eq. 6 generalizes the model we previously

partial views’ data to achieve successful tracking. 2) tapad proposed in [51], which was a view-based model. The model

the model to new people as we track them. In this section yweoposed here provides a continuous representation of the

propose solutions for these two problems. viewpoint and the body configuration in one latent represen-
In our earlier work [51], we showed that shape “styletation space.

variations can be decomposed in the space of the coefficients

of the nonlinear mapping functions from an embedded man- V1. BAYESIAN TRACKING ON THE TORUS

ifold representation to the observation space. In this pape Tracking is the recursive estimation of the state on thestoru
we use a similar approach to learn style-dependent mappings  the estimation of the configuration, the viewpoint dne
in the form of Eq. 4, from the torus to each person's dataphape style parameters given new observations. In our case,
The torus is a unified manifold representation invariant @e ohservations are the body contours; either extracted us
people’s appearance. This results in a general generatideIm packground subtraction or just fragmented edges detented i
for contours for different postures, different views, amt f he jmage. Recovering the state on the torus directly yields
different shape styles in a tensor product form the body kinematics in 3D through the mapping function in
s s Eq. 5. The Bayesian tracking framework recursively updates

Yop = A X10% X Ppto, ). ©6) th% posterior dgnsitf’(Xt|Yt)gof the object stateX, ai/tinrw)e
Such a model combines a body configuration paramegea ¢ given all observation¥* = Y1,Y5,.., Y up to timet
view parameten,, and a shape style vectar to generate
an observatiory;, of style s and viewv and posturé. The
tensorA is a third order tensor with dimensiod$ x S x N,
which controls the correlation between the configuratidewv

P(Xt|Yt)o<P(Yt|Xt)/ P(X X 1)P(X; 1Y Y)dX, ;.
X1

The state can be updated based on observation likeli-

and style, wheres is the dimensionality of the shape spacd!00d estimationP(Y;|X) given the transition probabil-
The product notatiorx,, is the tensor multiplication as defined® P(Xt|{t1—1) and the previous frame state posterior
in [49]. P(Xoa|Y™™). _ o
We now show how to fit the model in Eq. 6 from sparse On a torus manifold, the view a_nd body _conﬂguratlon
view-based data for different people performing the sanfs® represented together. The manifold provides a natural
motion. Given different persons’ sequences from differeffPntinuous, low-dimensional representation of the joe\-

sparse viewpoints, each sequence can be embedded Oncmgiguration) distribution for a particle filter trackehd state
torus as described in Sec. IV. L' be sequences of visualhas three components: viewpoint, body configuration on the
data for persons, wheres — 1, - - ‘K from viewpointsuy manifold and shape parameter. We denote the state atttime

Such sequences can be embedded on the torus, which 184Xt = [At, e, 4], wherey, andu, are the torus coordinates
t corresponding to view and body configurations respectively
gﬁg? shape state, where the shape at tinseassumed to be

need to be of the same length; only the beginning and efifonvex combination of the shape classes in the training set

of the motion is needed to be aligned on the tordaxis. That |s tr_le shape style vector at timet i_s written as a linear
Given the embedding points and their corresponding costoGPMpination ofK™ shape style vectors" in the style space
for pesons, a person-specific mapping function in the form of K K
Eq. 4 can be fitted, which leads tolax N coefficient matrix ay = wask, wa =1
D¢*. Notice that the kernel space, definedbf) in Eq. 4 is k=1 k=1
the same across all subjects since the same RBF centersiaj€ shape state is represented by the coefficierftsi.e.,
used on the torus. A= [w), - wK]T.

Given the learned nonlinear mapping coefficients
D' D?, ... DX, for training peoplel,--- , K, the shape A. Dynamic Model

style parameters are decomposed by fitting an asymmetric_, _
bilinear model [46] to the coefficient space such that Since the posture, view, and shape style parts of the state
are independent given the observations, the dynamic model

[d1 .. .dK] = AS, (7) is a product of three dynamic models, iB(X,;| X, ;) =
P(Ae)At—1)P(pt|pe—1) P(ve|ve—1). Therefore, the state model
where eachd” is the DN-dimensional vector representationye use has the general form
of the matrix D® using column stacking. The matrid is a
DN x K matrix containing the style basis for the coefficient

space. The style matrig, is an orthonormal matrix contain- e = Gpe-1 + Ny,
ing the style vectors for the training data. This decomparsit ve = b1 +ny,
can be obtained using the Singular Value Decomposition A = Ch_1+ny,

(SVD). The correlation tensod in Eg. 6 can be directly _ )
obtained by restacking the matri4 to aD x S x N tensor, o= Bl v A A) -y, ®)
where the firstS style bases are retained to represent the shapkeren,,, n,, ny, andn, are zero mean white Gaussian noise.
subspace. The scalarsa and b and the matrixC' are the linear state
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dynamics. The nonlinear mapping functidriu,, v, \¢; A) VIl. EXPERIMENTAL RESULTS

maps the state to the observation and has the form We have designed and performed several experiments to
_ B evaluate the proposed approach for tracking, view estimati
h(pe, ve, A3 A) = A X1 (SAg) X2 P (pue, vt), and 3D posture estimation, including: 1) quantitative esal
where the matrixS = [s',---s*] contains the shape styletion of the 3D reconstruction of the body joints’ locationitw
vectors representing the s’hape style space ground truth data; 2) comparison to other representations t
The shape state is supposed to be time-invariant. Howe\ISé}PW the.advantage of the proposed §upervised Iearn.ing over
in tracking, since the tracked person’s shape style is r}L{?Eesuperwsed apprc_)ache_s; 3) evaluatlon_of the tracking _and
known, the shape style needs to change with frames until 3D recon§tructlon _W'th style adap_tatlgn. The evalumatio
adapts to the correct shape style. Therefore, the prommga{PVOIVed FWO different kinds of observatlon_s. backgrouud-_s
of particles in the shape space is controlled by a varian 8Ct8d S|Ihouette_s anq edge-based trackmg. The expetsme
ocused on tracking gait because of the availability of gibu

variable that decays with time. As introduced in Sec. | ruth data f it H | h | "
the configuration can be embedded on the torus in a way fytn data for gait. HOWEver, we aiso show Several expernnen

achieve constant speed dynamics in the state space, WhiCHSIIQt.g othehr typtehs of rbn.oufnﬁ such ?].S gc_)lf sw!n?s _?r?ddjsump
very suitable in the case of periodic motion. Therefore, ggotions where the subject changes nis viewpoint with respec

propagation of the particle in the body configuration domaﬁ? the camera during the motion.
uses a constant speed model, which adapts to each person’s
dynamics through tracking. A. Quantitative Evaluation:

The goal of this experiment is to evaluate the accuracy of the
tracking approach in terms of recovering the 3D positions of
the joints with ground truth data. For this purpose, we ubed t

For learning the model, we represent each shape instanc&evn HUMANEVA-I dataset [62], which provides ground
an implicit functiony(z) at each pixel: such thaty(z) = 0 truth data for the 3D locations of the joints for differenpés
on the contoury(x) > 0 inside the contour, ang(x) < 0 of motions. The data set provides sequences for training and
outside the contour. We use a signed-distance function si@luation for the same subjects. In particular, we useeethr

B. Observation Model

that walking sequences where the subject walks along an eliptic
de(x) x inside ¢ trajectory. Therefore, the subject’s viewpoint with respt®

y(z)=¢ 0 z on ¢ the camera is continuously changing throughout the seegsenc

—d.(x) x outsidec We did not use any camera calibration information for this

data since we want to show that a learned model from a fixed

where thed.(z) is the distance to the closest point on thgiew circle would generalize to track subjects from similar
contourc with a positive sign inside the contour and a negsittings without knowledge of the camera parameters. We als
ative sign outside the contour. Such a representation ie¥p08id not use any visual data from the HUMANEVA-I to train
smoothness on the distance between shapes. Given sugheamodel.
representation, the input shapes are point®i whered is  Training: We generated synthetic training data of walk-
the dimensionality of the input space. This implicit fulcti ing silhouettes from our own motion capture data using
representation is typically used in level-set methods. the animation software Po$8r Twelve different views

The model in Eq. 8 fits directly to the Bayesian frameworki0°, 30, - - - ,360°) were rendered for one walking cycle.
to generate observation hypotheses from the particles. Thige motion capture data used for synthesis is not part of the
tracker is realized using a traditional particle filter. THiew, HUMANEVA-I dataset. Given this synthetic visual data, the
configuration, and shape style joint state is representéldl wilata was embedded on a torus, as described in Section IV,
N¢ particles{gt(k),57rt(k)}],fi1 with weightsw. We can generate and the manifold deformation from the torus was learned as

samples for a given particled”, = \*),, %) 0% ] by was described in Section V. The model learned with such
synthetic data would be enough for tracking and recovering
g = A x AP < () ), the posture and the view parameters on the torus. However,

for the reconstruction of the 3D joints’ locations we als@ae
i.e., each particle will directly generate a hypothesistoon to learn the deformation from the torus to the kinematic spac
in a given configuration, in a given view, in the form of &or this purpose, we used one training cycle of the joints’
level-set function. locations for each of the subjects from the HUMANEVA-I

The observation itself can be in the form of extracted sitlataset.

houettes (using background subtraction) or just edgeae®ti Evaluation: Given the validation sequences from the
directly from the images. For the case of tracking backgdeunHUMANEVA-I dataset, we extracted silhouettes using back-
subtracted silhouettes, each input silhouette is reptedes a ground subtraction after learning a background model using
level set and the observation likelihood is computed udirg ta nonparametric approach [63]. On the other hand, locations
Euclidean distance between the two implicit function repref the joints in the validation set are normalized to repnése
sentations. In the case of edge features, observatioihidae normalized posturen a body centered coordinate system
is estimated using probabilistic Chamfer matching [61].  which is invariant to subject’s rotation and translatiorist
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was performed for the three subjects’ validation sequencgsquence contained 139 frames with 3 degrees of view angle
(S1, S2, S3) to estimate the performance of inferring 3D bodhange between frames.
posture. 2- We used the HumanEva-I subject ‘I' data set, as described
For tracking, we used 900 particles to represent the view agalrlier.
body configuration on the torus manifold. We estimated the JB®r this purpose we compared:
body posture from the maximum-a-posterior (MAP) estimate « The torus representation: the proposed approach, which
of the body configuration from the particles in the particle takes advantage of the knowledge about the topological
filter. Figs. 6-e and 6-f show the estimated body configuratio  structure of the manifold. We evaluated the torus for both
and view parameters on the torus as well as the reconstructed tracking using a particle filter and, for comparison, we
3D posture (Fig. 6-d). As can be seen, the estimated body also evaluated frame-based posture estimation based on
configuration parameter on the torus clearly exhibits contst a torus using inverse mapping as was introduced earlier
speed linear dynamics in tracking nonlinear deformation in in [64].
the observations throughout the sequence. The walkingsycl « Unsupervised learning of the manifold using nonlinear
can be seen clearly in the sawtooth-like shape of the estimat ~ dimensionality reduction techniques: in particular we
body configuration. The estimated view parameter (Fig. 6- used LLE [44], Isomap [45], and GPLVM [52] as popular
e) clearly exhibits constant change in viewpoint due to the techniques to achieve a two-dimensional embedding of
ellipse-like trajectory of the subject’s motion. the visual manifold. We used a two-dimensional embed-
We measured the errors in the estimated body posture using ding space to be comparable to the torus, i.e., the state
the average absolute distance between individual markers, space for tracking both the body configuration and the
as in [62]. Fig. 7-a shows the average reconstruction error View was two-dimensional. Figs. 8-a, 8-b, and 8-c show
for all the joints’ locations in each frame for subject ‘S1’.  the two-dimensional embeddings for the training shapes
The true and the estimated limb endpoints are compared in using each of the approaches. We also compared a three-
Fig. 7-b and Fig. 7-c. Table | shows the average errors in dimensional embedding for the case of GPLVM.
each of the subject’s test sequericadle tested the tracking e« We compared a nearest neighbor search to see the best
performance with and without considering the dynamics of result we can get from the collected data itself. The
the body configuration and view. First, we used a random nearest neighbor approach can be seen as an implicit way
walk dynamic model, i.e., particles just drift randomly iach to represent the manifold of the data by keeping all the
frame. Then we applied constant-speed dynamics for the body Ssamples on the manifold as exemplars. Nearest neighbor
configuration state and the view state, assuming a constant search is used for frame-based posture estimation by
velocity for the view and the body configuration variables on  searching for the nearest silhouette from the training data
the torus. As can be seen from Table |, the experiments showed and using its corresponding 3D joints’ location as the 3D
better body configuration estimation when a constant-speed reconstruction.
dynamic model is used in the particle propagation. Overall, For each of the cases of the torus and the unsupervised
the average error in each joint’s location from three subjecembeddings, we fit nonlinear mappings, in the form of Eq. 2,
is 31.36 millimeters ¢nm). from the embedding space to the shape space. Such mappings
will serve as the observation model to generate observation
) ) ) hypotheses given the particles in the embedding space. The
B. Comparison of Different Representations: same number of RBF centers is used in all cases (we used

The goal of this experiment is to compare different embed48 centers), except GPLVM. For LLE and Isomap, the RBF
ded representations of the visual manifold for trackingie@i Ccenters were set on the cluster centers obtained aftegftin
a set of training data, representing the visual manifold of @aussian mixture to the embedded points using the EM algo-
walking motion viewed from different viewpoints (similap t fithm. For the torus case, the RBF centers are set at ecandist
the data in Fig. 2-a), we want to compare different embeddedints on the torus surface. For the case of GPLVM, the RBF
representations of the manifold, which can be used as a Iog¥@nters are chosen as a part of the optimization process (we
dimensional state space for Bayesian tracking as well as fed 200 centers for GPLVM). For tracking, we used the same
frame-based posture estimation (without tracking). number of particles in the embedding space for each of the
Training Data: To learn the visual manifold, we used motiorfPproaches.
capture data of a walking cycle to render silhouettes from Table Il shows the average error in the recovered joints’
different viewpoints along one view circle at a fixed heightocations for the different approaches. The torus embegdin
39 frames from each of 12 views were rendered representf#ftpws much better performance than the unsupervised man-
a walking cycle, i.e., a total of 468 frames. ifold representation. Fig. 9 shows examples of the recalvere
Evaluation Data: For evaluation, we used two different setsPOStures at the sample frames from the HumanEva-| sequence
1- Synthesized data: we used another rendered walkingsilh" @l the approaches. Fig. 10 shows the resulting trajgcto
ette sequence containing three walking cycles with contisu of the estimated configuration and view on the torus surfiace.

view variability along a view circle (0-360 degrees). Thshould be noted that the goal of this experiment is to compare
different representations for embedding the visual méghifo

SWe discard theHeadProximallocation of subjectS3 during the error The same app_roaCheS Compared here can be US?d in different
estimation since the validation data has inconsistency. ways for tracking. For example, GPLVM was earlier used[3],
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Fig. 6. Reconstruction of 3D body posture: (a) Input silltteee (b) Input as implicit functions used in the estimati¢r) Reconstructed silhouettes from
estimated MAP parameters on the torus. (d) Reconstructepp&fure shown from a fixed viewpoint. (e) Estimated valuesttie view parametery). (f)
Estimated values for the body configuration parametgr (

TABLE |
AVERAGE ERRORS IN3D BODY POSTURE ESTIMATION FROM A SINGLE CAMERA

| Subject || Start | End | Duration | Cycle || Mean Error(No Dyn.) | Mean Error(With Dyn.) |

S1 76 534 459 6 26.16mm 24.71mm
S2 21 436 416 5 37.11mm 31.16mm
S3 91 438 348 5 40.47mm 38.21mm
S1,52,S3 34.58mm 31.36mm

[35] to embed the kinematic manifold within a model-baseadapts to the observed shapes by estimating the style factor
approach and was shown to achieve good results. The pointaein Eq. 6. The tracker starts from a mean style and adapts
can conclude from this experiment is that enforcing the kmowo the correct person’s shape style. Fig. 11 shows the trgcki
manifold topology leads to better results than unsupedviseesults. As can be seen, after large errors at the beginthiag,

learning of an embedded representation. 3D reconstruction errors decreased as the model adapted to
the correct person’s style. Fig. 12 shows tracking for aestbj
C. Shape Style Adaptation: walking on an ellipse-like trajectory in an outdoor scene.

The goal of this experiment is to show the ability of the ) o )

tracker to adapt to different people’s shape styles whilekr D- Tracking a Non-Periodic Motion

ing the body configuration and the viewpoint, as describedWe evaluated the approach with non-periodic open trajec-
in Section V-C. We fit the model in Eq. 6 with real datdory motions such as jump motions and golf swing motions.
from multiple people. To fit the model, we used sequenc®ge used motion capture data to learn the model for “jump in
from four different people walking on a treadmill obtainedhe air” motion using geodesics-based embedding on the.toru
from seven different views using synchronized cameras. Pofe rendered silhouettes from 12 viewpoints to model the
evaluation, we used the HUMANEVA-I subject ‘S1’ datasetyisual manifold. For evaluation, we used jumping sequences
i.e., the person’s shape style is not in the training datae Ttvhere the subject jumps in the air and may rotate while
subject in the evaluation sequence is walking on an ellptigumping. The tracker’s job is to recover the body configunati
trajectory and captured from a stationary camera. The ¢racland viewpoint, which is changing due to the rotation durhmng t
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Fig. 7. A test sequence reconstruction (HUMANEVA-I S1-wadf) : horizontal-axis: frame number, vertical-axis: psted joints’ location (unithm). (a)
Average errors for all the joints in each frame. (b) True asiiheatedz and z values for theLower left leg distaljoint (c) True and estimated and z values
for the the upper right arm proximajoint.

TABLE Il
AVERAGE ERRORS IN3D BODY POSTURE ESTIMATION USING DIFFERENT EMBEDDINGS

Tracking Frame-based posture recovery
Representation LLE | Isomap | GPLVM-2D | GPLVM-3D | Torus | NN | Torus - inverse map [64]
Synthetic data

Average Error inmm || 76.96| 77.22 43.25 46.12 15.49 | 25.38 52.24
HumanEva I-S1
Average Error inmm || 66.24| 61.12 81.79 - 38.21 | 48.49 76.56

motion. Here we show two example sequences, one withdhé motion. Simultaneously, the estimated body configomati
rotation, and one with rotation. In both cases, backgroupdrameter enables reconstruction of the 3D body posture
subtraction was used to extract the input silhouettes, whi¢Fig. 14-d).
are used as the observations. Fig. 13 shows the estimated
view and body configuration parameters for an outdoor ju .
sequence without rotation. Despite inaccurate siIhommt‘eenE)' Edge-based Contour Tracking
traction (Fig. 13-a), the model estimates the body confiipma ~ This section shows example results for tracking based on
accurately (Fig. 13-e). The view estimation (Fig. 13-c)who edges, without background subtraction. The approach-intro
a constant viewpoint, which confirms with the non-rotationgluced in this paper is a generative model for the observed
jump motion. contours of a motion. Therefore, it can be used to gen-
erate contours at different body configurations, viewpmint

In contrast, Fig. 14-a shows a jump motion with a bodgnd shape styles during the motion. Such generated contour
rotation in the air. The estimated view parameter (Fig. 14-bBypotheses can be evaluated given the detected edges in the
shows the view parameter change due to body rotation duringage sequence using Chamfer matching directly. We tested
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Fig. 8. Manifold embeddings and reconstruction errors fiffeiént approaches. (a-c) LLE, isomap, and GPLVM manifeldbedding for the training
sequence (d-h) Average errors in joints’ locations in eaemé for different models. (i) Average error in joints’ lticams estimation using the proposed
approach.

body configuration parameters. Reliable tracking resudis c
be achieved using weak edge cues.

We also tested the approach for tracking a golf swing
motion from unknown view and uncalibrated camera. Figs. 15-
¢ and 15-d show example tracking results. Since the view is
unknown, the tracker started from a uniform distributiam, i
the particles are spread along the view circle on the tohes (t
samey) at the beginning and it converged to one area as the
motion is tracked.

VIII. CONCLUSIONS

We formulate the problem of view variant human motion
Fig. 10. The trajectory qf thg estimated C(_)nfig_uration arelwparameters tracking as tracking on a torus surface. We use the torus as
((’JJQ;; ;?1:;1;232 \t,';‘fuggrELﬂs)T"ter: MAP estimation (greeBpected values state space for tracking both the body configuration and
the viewpoint. We learn how a torus deforms to the actual
visual manifold and to the kinematic manifold through two
nonlinear mapping functions. The torus model is suitabte fo
the approach for tracking from the detected edges for @iffer 5ny one-dimensional manifold motion, whether periodiects
mot!ons. Here we show examples for gait and golf swingg walking, running, etc.), quasi-periodic, or non peiodi
motions. (such as golf swings, jumping, etc.). The experimentalltesu
Figs. 15-a and 15-b show tracking results for an outdoshowed that such a model is superior to other represengation
walking sequence where the subject is walking on an ellpticfor the task of tracking and posture/view recovery since it
trajectory. As a result, we can see a spiral motion on thestorprovides a low-dimensional, continuous, uniformly spaced
manifold due to the simultaneous change of the view and th&te representation. We also show how the model can be
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(c) Tracking using an Isomap embedding:
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(d) Tracking using a GPLVM embedding:
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(e) Frame-based posture recovery using a nearest neighaarhs
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(f) Frame-based posture recovery using Torus - inverse mgpp
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Fig. 9. Example results for posture recovery using diffeembedded representations.

generalized to the full view sphere and how to adapt tealt with through hierarchal models where different laten

different persons’ shapes. representations for different body joints can be achieved.
The approach introduced in this paper is a parameteriz&dknowledgment This research is partially funded by NSF

generative function for the visual manifold of an observesd m CAREER award 11S-0546372.

tion. Therefore, it can be used to generate contours atelifte

body configurations, viewpoints, and shape styles durirg th

motion, without a 3D body model. From a perceptual point REEERENCES
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