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Multicamera Tracking of Articulated Human Motion
Using Shape and Motion Cues

Aravind Sundaresan and Rama Chellappa, Fellow, IEEE

Abstract—We present a completely automatic algorithm for
initializing and tracking the articulated motion of humans using
image sequences obtained from multiple cameras. A detailed
articulated human body model composed of sixteen rigid segments
that allows both translation and rotation at joints is used. Voxel
data of the subject obtained from the images is segmented into
the different articulated chains using Laplacian Eigenmaps. The
segmented chains are registered in a subset of the frames using
a single-frame registration technique and subsequently used to
initialize the pose in the sequence. A temporal registration method
is proposed to identify the partially segmented or unregistered
articulated chains in the remaining frames in the sequence. The
proposed tracker uses motion cues such as pixel displacement
as well as 2-D and 3-D shape cues such as silhouettes, motion
residue, and skeleton curves. The tracking algorithm consists of
a predictor that uses motion cues and a corrector that uses shape
cues. The use of complementary cues in the tracking alleviates the
twin problems of drift and convergence to local minima. The use
of multiple cameras also allows us to deal with the problems due
to self-occlusion and kinematic singularity. We present tracking
results on sequences with different kinds of motion to illustrate the
effectiveness of our approach. The pose of the subject is correctly
tracked for the duration of the sequence as can be verified by

inspection.

UMAN pose estimation and tracking from video se-
H guences, or motion capture, has important applications in
a variety of fields such as biomechanical and clinical analysis,
human computer interaction, and animation. Current techniques
use marker-based techniques, which involve the placement of
markers on the body of the subject and capturing the movement
of the subject using a set of specialized cameras. The use of
markerless techniques eliminates the need for the specialized
equipment as well as the expertise and time required to place
the markers. It can also potentially measure the pose using
anatomically appropriate models rather than estimating them
from a set of markers. Different applications have different
needs and use single or multiple cameras to estimate human
pose and this problem has received much attention in the image
processing and computer vision literature in both the monoc-
ular [1]-[4] and multiple camera cases [5]-[9]. A survey of a
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number of important pose estimation methods developed in the
past decade may be found in [10]-[12].

The typical steps in motion capture [13] are (1) model estima-
tion, (2) pose initialization, and (3) tracking. Model estimation
is the process of estimating the parameters of the human body
model such as the shape of the body segments and their articu-
lated structure. Pose initialization refers to the estimation of the
pose given a single frame.1 Pose tracking refers to the estimation
of a pose in the next frame, given the pose in the current frame.
Both (2) and (3) perform pose estimation, but the methods em-
ployed are usually different and we list them separately.

The articulated structure of the human body which is com-
posed of a number of segments, each with its associated shape
and pose, makes human pose estimation a challenging task. The
complexity of the human body and the range of poses it can as-
sume necessitate the use of a detailed model in order to represent
its pose and to guide pose estimation. Body models typically in-
corporate both the shape of individual body parts and structural
aspects such as the articulated connectivity and joint locations
of the human body. Besides the sheer complexity of the human
body, a common problem faced in image-based methods is that
some parts of the body often occlude other parts (self-occlu-
sion). It is, therefore, difficult to perceive and estimate motion
in the direction perpendicular to the image plane when using
images from a single camera. Morris and Rehg [14] refer to
this problem as “kinematic singularity” and study it in some
detail [14]. Monocular techniques suffer from the above prob-
lems of self-occlusion and “kinematic singularities” and mul-
tiple cameras are required to estimate pose in a robust and ac-
curate manner.

A. Related Work

Gavrila and Davis [10], Aggarwal and Cai [15], and Moes-
lund and Granum [11] provide surveys of human motion
tracking and analysis methods. Sigal and Black [12] provide
a recent survey on human pose estimation. We list some of
the important monocular and multicamera techniques in Sec-
tions 1-Al and I-A2 followed by a brief discussion of their
limitations.

1) Monocular Methods: As mentioned earlier, monocular
techniques suffer from a range of problems that mark them as
unsuitable for markerless motion capture. Monocular methods
can be classified according to the image cues used ranging from
edges [2] and silhouettes [16] to 2-D image motion [4], [3]. In
[17], the pose vector is estimated using support vector machines
and kinematic constraints. The issue of model acquisition and

1By frame, we refer to image(s) obtained at a single time instant; it is one
image in the monocular case and a set of images in the multicamera case.
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Fig. 1. Schematic of the motion capture algorithm with the three steps in the dashed boxes on the right and the different cues used on the left. The contribution

in this paper and [8] is clearly marked.

initialization using images from a single camera is addressed in
[18]. The problems of self-occlusion and kinematic ambiguities
in monocular video have been addressed with limited success
in [19]-[21]. Many of the monocular techniques predate multi-
camera methods and some have been extended to multiple cam-
eras.

2) Multicamera Methods: Multicamera methods can also
be broadly classified as shape-based and motion-based. Shape-
based methods use 2-D shape cues such as silhouettes or edges
[22]-[24] or 3-D shape cues such as voxels [5]-[8]. The voxel
representation of a person provides cues about the 3-D shape
of the person and is often used in pose estimation algorithms.
Motion-based methods [25]-[27] typically use optical flow in
the images to perform tracking. The motion-based methods es-
timate the change in pose and typically assume that the initial
pose is available. On the other hand, shape-based methods use
absolute cues and can be used to both initialize the pose given a
single frame [5]-[8], or perform tracking [23], [24], [28], [29].
We first list automatic or semi-automatic methods to estimate
and track the pose followed by some important multicamera
techniques.

Mikic et al. [6] and Mindermann et al. [7] perform all
the steps in the motion capture using voxel based techniques.
They are, however, limited by the shortcomings of shape-based
methods and in the case of [7], the model is not obtained auto-
matically. Chu et al. [5] use volume data to acquire and track
a human body model and Cheung et al. [9] use shapes from
silhouette to estimate human body kinematics. However, in [5],
no tracking is performed, while in [9], the subject is required to
articulate one joint at a time in order to initialize the pose.

The following techniques assume that an initial pose esti-
mate is available and perform tracking using shape and mo-
tion cues. Yamamoto et al. [26] track human motion using mul-
tiple cameras and optical flow. Bregler and Malik [27] also use
optical flow and an orthographic camera model. Gavrila and
Davis [30] discuss a multiview approach for 3-D model-based
tracking of humans in action. They use a generate-and-test al-
gorithm in which they search for poses in a parameter space
and match them using a variant of Chamfer matching. Kaka-
diaris and Metaxas [22] use silhouettes from multiple cameras
to estimate 3-D motion. Delamarre and Faugeras [23] use 3-D
articulated models for tracking with silhouettes. They use sil-
houette contours and apply forces to the contours obtained from
the projection of the 3-D model so that they move towards the

silhouette contours obtained from multiple images. Moeslund
and Granum [24] perform model-based human motion capture
using cues such as depth (obtained from a stereo rig) and the
extracted silhouette, while the kinematic constraints are applied
in order to restrict the parameter space in terms of impossible
poses. Sigal et al. [28], [29] use nonparametric belief propaga-
tion to track in a multicamera set up.

Motion-based trackers suffer from the problem of drift; i.e.,
they estimate the change in pose from frame to frame and as
a result the error accumulates over time. On the other hand,
shape-based methods rely on absolute cues and do not face the
drift problem but it is not possible to extract reliable shape cues
in every frame. They typically attempt to minimize an objec-
tive function (which measures the error in the pose) and are
prone to converge to incorrect local minima. Specifically, back-
ground subtraction or voxel reconstruction errors in voxel-based
methods result in cases where body segments are missing or ad-
jacent body segments are merged into one. We note that shape
cues and motion cues are complementary in nature and it would
be beneficial to combine these cues to track pose. We briefly
describe our algorithm and discuss how it addresses the above
limitations in the following section.

B. Algorithm Summary

We present a detailed articulated model and algorithms for es-
timating the human body model and initializing and tracking the
pose in a completely automatic manner. The work presented in
this paper is the second part of a larger body of work, namely, the
complete automatic motion capture system. In order to place this
work within the context of the larger body of work we first de-
scribe the contribution of our earlier paper titled “Model driven
segmentation and registration of articulating humans in Lapla-
cian eigenspace” [8] and then explain the contribution in this
paper. The overview of our complete motion capture system is
illustrated in Fig. 1.

In [8], we present an algorithm for segmenting volumetric
representations (voxels) of the human body by mapping them
to Laplacian Eigenspace. We also describe an application of
this algorithm to human body model and pose estimation and
provide experimental validation using both synthetic and real
voxel data. Some of the key results of the above algorithm are
illustrated in Fig. 2. Given a sequence of 3-D voxel data of
human motion [Fig. 2(a)], the human body model and pose
[Fig. 2(b)—(c)] are estimated using a sub-set of the frames in the
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Fig. 2. Illustration of skeleton and super-quadric model. (a) Voxel data.
(b) Skeleton model. (c) Corresponding super-quadric model.

sequence. The human body model consists of rigid segments
connected in an articulated tree structure. There are six articu-
lated chains (the trunk, head and four limbs). The pose of each
rigid segment is represented in general using a 6-vector (3 de-
grees of freedom for translation and 3 for rotation). However,
in our work we constrain most of the joints to possess only ro-
tational motion (3 degrees of freedom). The full body pose, ®,
is represented in a parametric form as a stacked vector of the
poses of each segment. The concept of segmentation in Lapla-
cian Eigenspace was introduced in [31] and its application to
human body model estimation in [32]. We describe the theo-
retical underpinnings of segmentation in Laplacian Eigenspace
in [8] and compare it to other spectral methods such as Isomap
[33] with respect to the particular application of human body
segmentation.

In this paper, we present an algorithm for tracking articulated
motion of humans using shape and motion cues. We integrate
the tracking step with model estimation and pose initialization to
build a completely automatic motion capture system, the block
diagram of which is illustrated in Fig. 1. We note that the pose
initialization algorithm typically works in only a fraction of the
frames in a sequence. The failures are typically due to both er-
rors in the processing of the shape cues (e.g., voxel reconstruc-
tion) and in general the complexity of the pose itself. A tracking
module is, therefore, essential to complete the motion capture
system. The contributions in this paper are enumerated below.

1) We introduce a temporal registration algorithm for using
unidentified skeleton curves.

2) We describe a framework for combining 2-D shape cues
such as pixel displacement, silhouettes and motion residues
as well as 3-D cues to track the pose in the sequence.

3) We describe a technique for smoothing the pose to improve
the tracking estimates.

4) We integrate the model estimation and pose initialization
modules [8], [32] with the pose tracking modules to realize
a completely automatic motion capture system and present
results on real data sequences.

It can be expected that using a single type of image feature
leads to a single point of failure in the algorithm, and, hence, it
is desirable to use different kinds of shape and motion features
or cues. Our algorithm uses both motion cues in the form of
pixel displacements as well as 2-D and 3-D shape cues such as
skeleton curves, silhouettes and “motion residues.” These are
described in detail in Sections Il and Ill. Thus, our algorithm

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 18, NO. 9, SEPTEMBER 2009

does not have a single point of failure and is robust. Trackers
which use only motion cues suffer from the drift problem due
to an accumulation of the tracking error. On the other hand,
trackers that use shape cues which are absolute often involve an
energy minimization formulation and can converge to the wrong
local minima. The motion and shape cues when combined work
to alleviate the drift and local minima problem that are manifest
when they are applied separately.

Since we use motion and shape cues in our tracking algo-
rithm, we are able to better deal with cases where the body seg-
ments are close to each other such as when the arms are by
the side of the body in a typical walking posture. Purely sil-
houette-based methods, including those that use voxels, expe-
rience difficulties in such cases. Indeed, we use a voxel-based
algorithm to initialize the pose and initiate the tracking, but the
registration algorithm used in the initialization fails in a number
of cases where the body segments are too close to each other
or when errors in the 2-D silhouette estimation cause holes and
gaps in voxel reconstruction. Silhouette or edge-based methods
also have problems estimating rotation about the axis of the
body segment as it is impossible to detect motion of a sphere or
cylinder rotating about their axis by observing only their silhou-
ettes. We also propose an optional smoothing step that smooths
the trunk pose, improving the performance of our tracker.

In our experiments, we use eight cameras that are placed
around the subject. While the tracking algorithm works with
fewer than eight cameras, we need at least eight cameras to
obtain reasonable voxel reconstruction for the purpose of pose
initialization. A visual inspection of the voxel reconstruction
obtained using fewer than eight cameras was found to contain
“ghost” limbs in a number of frames and was of a poorer quality
and unsuitable for pose estimation as was also noted by Mun-
dermann et al. [34]. We note that the prediction module of our
tracker requires that the motion between frames be small enough
so that pixel displacement can be estimated and the iterative
pose estimation algorithm converges. We observe in our exper-
iments that a frame rate of 30 fps suffices for normal human
walking motion. The results of the tracking algorithm in se-
quences with different motions such as swinging arms in wide
arcs, walking in a straight line and walking in circles are pre-
sented. The algorithm proposed in this paper can be used in a
number of biomechanical applications, such as gait analysis as
well as general human motion analysis.

The organization of the paper is as follows. We describe our
human body model, corresponding pose vector and its estima-
tion in Section Il. The details of the algorithm are presented in
Section I11. We describe pose initialization, temporal spline reg-
istration and then describe the two-step tracking process. We
also describe the smoothing step. Finally, we present results of
our algorithm on three different sequences using real images
captured from eight cameras in Section IV.

Il. HUMAN BoDY MODEL, POSE, AND TRACKING

We briefly describe our human body model in Section 11-A
and reconstruction of the subject using the body model parame-
ters and the pose vector in Section 11-B. We also describe some
of the key modules of our tracking algorithm. The linear rela-
tion between the pixel velocity and pose velocity is derived and
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Fig. 3. Articulated structure and the relative positions of body segments as
a function of the body model and pose. The red, green, and blue axis set de-
scribe the pose of the coordinate frame for each segment. (a) Wire-frame model.
(b) Underlying articulated structure.

the estimation of the change in pose from pixel displacements
is described in Section II-C. The manner in which we use 3-D
skeleton curves for tracking is described in Section I1-D.

A. Human Body Model

We model the human body as consisting of six articulated
chains, namely the trunk (lower trunk, upper trunk), head (neck,
head), two arms (upper arm, forearm, palm) and two legs (thigh,
leg, foot) as illustrated in Fig. 2(c). Our model is based on the
underlying skeletal structure and flexibility of the human body.
Each rigid segment is represented by a tapered super-quadric.
The model consists of the joint locations and parameters of
the tapered super-quadrics describing each rigid segment. The
model can be simplified to a skeleton model using just the axis
of the super-quadric as illustrated in Fig. 2(b). The recovery of
the human body model is described in detail in [8], [32].

B. Description of Pose Vector

Let G4« 4 be a transformation matrix in homogeneous 3-D
coordinates consisting of a rotational component, wsy1, and
a translational component, p;.;. The pose vector for a single
body segment consists of both components and is given by ¢ =

(5). G is expanded as

. R
Glp)=¢= (0, If) , where
0 —Wws3 w2
w3 0 —Ww1
R=e\7w2 w1 0/ Q)

The A (hat) operator is described in [35] and maps a 6 x 1
pose vector to the corresponding 4 x 4 coordinate transform ma-
trix. The Vv (vee) operator is the inverse of the A operator and
maps a 4 x 4 coordinate transform to a 6 x 1 pose vector, i.e.,
(@)Y = . We hereafter drop the dependency on pose vector
for brevity. The articulated nature of the body is illustrated in
Fig. 3. The lower trunk is the root of the kinematic chain and
all body segments are attached to the root in a kinematic chain.
Each body segment has six degrees of freedom (DoF) in general
and its pose relative to its parent is described using the above
pose vector.

We first define a world coordinate frame that is fixed for the
entire experiment. The full body pose is computed with respect
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to this coordinate frame. The pose of each body segment is de-
scribed by a combination of body model and pose parameters.
We use the superscripts S and P to denote model structure and
pose parameters respectively. For instance, p® is a joint loca-
tion and is part of the body model, while p* is the translational
pose at the joint and is part of the pose vector. Consider two seg-
ments, 7 — 1 and 4 in Fig. 3, where segment 7 — 1 is the parent of
segment 7. Segment 4 is connected to its parent at joint 4, whose
location is given by p(9° in the coordinate frame of the parent.
We hereafter use the word “frame” as an abbreviation for “coor-
dinate frame.” The pose of se%r)npent 1 with respect to its parent

(segment i — 1) is () = (g(i)P ). The complete transforma-
tion between segment 4 and segment 7 — 1 is, therefore, given
by

Structure

Pose
’ ()S ‘/—’/%
Gi1i =G <<p0 )) G (‘P(‘)) - 2

G';; represents a transformation matrix of a point from the coor-
dinate frame of segment j to the coordinate frame of segment .
G represents the transformation matrix of the root of the kine-
matic chain (index 1) with respect to the world coordinate frame
(index 0). The pose of the ith segment in Fig. 3 with respect to
the world coordinate frame is, therefore, given by

Goi = Go1G12 -+ - Gi_1yi- €))

For a strictly articulated body, the translation component of the
pose at all joints is zero, i.e., p®™F = 0 Vi > 1. However, we
allow limited translation at certain joint locations such as the
shoulder (a “compound” joint that cannot be represented by a
single rotational joint) to better model its complexity. We set
lpF|| < paax Where i denotes special joints. Our human
body model consists of sixteen E:)qf:d segments. The pose of seg-

ment 7 is given by () = (Z];(i)P) and the full body pose is
(p(16)/ )/'

C. Tracking Pose Using Pixel Displacement

given by & = (1

In this section, we describe how we estimate the change in
pose of an articulated body using pixel displacement. To begin
with, we introduce the 6 x 1 pose velocity vector £. We can de-
scribe any six DoF transformation matrix at time ¢ as &t [35].
The pose velocity is so called as it can be considered as the in-
stantaneous velocity of the pose vector. The instantaneous pose
velocity at ¢ = 0 is given by

(Yo = 68 = & @
t

We derive the relation between the pose velocity vector and the
3-D pixel velocity as well as the 2-D pixel velocity. Finally we
describe the algorithm to estimate the pose velocity from the
pixel displacement. We denote the transformation of frame j
(attached to segment ;) with respect to frame 4 (attached to seg-
ment 4) at time ¢ by g;;(¢). We can then express g;;(t) as

9ij(1) = gij(0)e8" = Gyje® )

Authorized licensed use limited to: SRI International. Downloaded on August 28, 2009 at 14:02 from IEEE Xplore. Restrictions apply.



2118

where G;; = gi;(0) is defined earlier. We use g to denote time
varying matrices and G to denote constant matrices. \We note
that e£* can be expanded using the Taylor series as
2 A 1 . .2
=T+ &+ (81 +

—(ft) + .-

3 (6)

Let us consider a point q attached to segment ;. Its coordinates
in frame 7 and frame j are given by ¢() and ¢(%), respectively.
We then have

¢ () = 9;;()aV () = Gi;e*'qP (1), U]
We consider motion at ¢ = 0 without loss of generality. Consid-

ering the instantaneous velocity g of the point ¢ in frame 4, we
have

(@) a d

(
=%

d" = 354 + 9:;4Y) = g;;q9 (8)

where the second equation follows because the point is attached
to frame j and, therefore, ¢¥) = 0. Substituting (5) in (8), we
get (9). (10) follows where Y(q) is defined in (11)

q(L)(t) = Gijéeetq(j) (9)
§D(0) = Gi8%¢Y) = GV = G Y (q(j )) 3
(10)
100 0 -g¢g @
A0 1 0 ¢g 0 -—-q
0 00 O 0 0

Assuming there are a total of m segments, and given a point q
on the ith segment, we have

4 = 90ig"”) = gorg12 -+ g(i—1)iq". (12)
It follows that
¢ = (Gorg12 -~ GGim1yi + Go1g12 - - Gim1yi + -

+901912 "+ G(i-1)i) 4 (13)
L L)
= (9015 912 gii—1)i T go1912§ " - gi-1i

RO
+ o+ gorgiz - gii—1)i€ ) q" (14)
2(1) 2(2) AONE

=g01€ ¢V + 9026 qP + - + g g (15)
= g T (qu)) €D 4 goaT (q(2>) €2 4.

+ 90T (q(i)> v (16)

col.6(i—1)+1to67
,_/5
= | g Y(gV) 90:Y(q") 04x6(m—i)
—_——
col.61+1 to 6m
f(l)
X : @an
g(m)
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where 2 = (¢ £0) and F(®,q) follows from
(17).

Let the pose at time ¢ = 0 and ¢t = 1
be  ®(0) = (e (0y ¢(™(0)")"  and
®(1) = (eW(1)y ©™)(1)"), respectively. The

pose at ¢ = 1 for each segment 4 in the body is then given by
. i N\ VY
¢(1) = (¢9(0)%)

We can represent the set of operations (19) using the abbreviated
notation

(19)

$t+1 - ‘Aﬁté (20)
where the upper-case Greek letters (®, E) refer to the vector
stack of the poses of the individual segments represented by
lower-case Greek letters (¢, ).

We have shown in [36] that if we use a perspective projection
to project a 3-D point on to the camera, the resulting pixel ve-
Ioci/ty is still a linear function of the pose velocity. Let P34 =

Pl
( P3) be the projection matrix, then the pixel location in homo-
Py
geneous coordinates is given by ¢(9 = Pq(®) and the actual
pixel coordinates are given by u as

(w1 (d?\_ 1 (P

We obtain the pixel velocity by differentiating (21) as

) V. (1)

1 P, 1 (P1q) P, . (0)
o= g ((71) - 7 ((phao 7))
(22)
= E(P,q)q"¥ (23)
= E(P,q)F(®,q)E. (24)

We represent the matrix in (22) as E (P, q) in (23). We thus com-
bine (18) and (23) to express the 2-D pixel velocity as a linear
function of the 3-D pose velocity, E, in (24). We can estimate 2
from the pixel velocity by inverting (24), then we can use (20)
to compute the new pose ®,, from ®,. However, we can only
measure pixel displacement from the images, and, hence, we use
a first-order approximation of the pixel velocity.

Given a set of points, we compute the projection of each of
these points for all the cameras using the pose ®. We call this
stacked vector C'(®). We also compute the pixel displacement
matrix D(®) = E(P,q)F(®,q). D() and C() are functions
of both the 3-D point coordinates and the projection matrices
besides ®, but as these are fixed for a given frame, we do not
explicitly denote them for the sake of simplicity. For a set of n
points, we, therefore, have

uy 1
(25)
U, U,
The state vector in our state-space formulation is ®; and the
state update and observation equations are given by (26) and
(27), where w, 1 is the measurement noise
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‘I’t+1 =®,E,

A'U.t = Ut4+1 — Ut + Wiy = D(@)E + Wiy1-

(26)
(@7)

We note that our system is similar to an Iterated extended
Kalman filter but the plant noise in our case (E;) is multiplica-
tive and it is not straight-forward to extend the IEKF in our
system. Equation (27) follows from the first order Taylor series
approximation
'u't—',—l:Ut+ﬁt+§ﬂt+"'zut+dt~ (28)
We then use Algorithm 1 to estimate ®;,1 given ®, and the
pixel displacement between ¢ and ¢ 4+ 1. We have several pixel
displacement measurements from multiple cameras and the es-
timation equation is highly over-constraine, and, therefore, we
can obtain a least squares estimate. We also find that the mul-
tiview constraints are able to overcome kinematic singularities
and occlusions which are the bane of monocular pose estima-
tion. We observe that we compute the change of pose (Z;) be-
tween two frames. The constant 2 assumption is perfectly valid
when we consider only two frames. The approximation we make
is that we estimate the pose velocity which is a first order ap-
proximation of the pixel velocity which should be used. We use
an iterative estimation algorithm to compensate for the approxi-
mation but we note that a higher frame rate is required for faster
motions than those presented in the experiments.

Algorithm 1 Compute 3-D Pose From Pixel Displacement

Require: Pose at time ¢, ®; and pixel displacement between
tandt+ 1, Au

1: set ®0) = @,

: for £ = 0 : maximum_iterations-1 do
let Au® = Au— (C(8HX) — C(&,))
compute %) = (D(&®)) D(3™))) D(&*)) Au®)
update ®*+1) = (FE*))V

end for

set {)t—i-l = §(k+1)

NooghkownN

D. Tracking Pose Using Skeleton Curves

In this section, we describe a key module in the tracking of
the pose using 3-D shape cues (skeleton curves). As described
earlier and illustrated in Fig. 4, we can segment voxel data [Fig.
4(a)] into different articulated chains and register them to the
human body model [Fig. 4(b)]. We can obtain a skeleton curve
for each segmented articulated chain represented by uniformly-
spaced points on the curve [Fig. 4(c)]. The skeleton model corre-
sponding to the estimated pose is illustrated in Fig. 4(d). In order
to determine the pose that best fits the skeleton curve, we first
define a distance measure between the skeleton curve [Fig. 4(c)]
and the skeleton model [Fig. 4(d)] computed from the pose. We
assume that an initial estimate of the pose is available so that
we can iteratively refine the estimate to minimize this distance.
We note that the skeleton curve for a frame consists of six curves
registered to the six articulated chains of the human body model.

2119

Fig. 4. From voxels to the skeleton curve and skeleton model: (a) Voxels, (b)
segmented voxels, (c) skeleton curve (d) skeleton model.

Fig. 5. Computing distance between skeleton curve and skeleton model:
(a) denotes sample points on the skeleton curve; (b) denotes the distance to the
closest point on the skeleton model after optimization.

We compute the distance by considering each chain indepen-
dently as described in the following paragraph.

Consider a set of n ordered points zi,zs,...,z,, On a
skeleton curve corresponding to the arm (see Fig. 5). The
skeleton model for the arm consists of three line segments:
L1, Lo, and L3. We compute the distance, e/, between «; and
the closest point on line segment L; and assign each point
to a line segment. Since the set of points on the skeleton
curve is ordered, we impose the constraint that the above
assignment is performed in a monotonic manner, i.e., points
Z1,...,%,, are assigned to Lp, points &, ,4+1,...,%n, are
assigned to L, and points z,,+1,...,%, are assigned to
L3. For a given value of nq,ns is chosen so that the dis-
tance between points z,, and z,, is equal to the length
of line segment L,. For the above assignment, the dis-
tance between the skeleton curve is given by the vector
(b b g o @ ey o el The
3-D pose of the articulated chain as well as indices n; and no
are chosen so as to minimize the sum of the elements in the
vector which is given by

ni no n
Ze,}—l— Z ei2+ Z e?.
i=1

i=nq+1 1=no+1

(29)

I1l. ALGORITHM

We present in this section the details of our pose tracking
algorithm including the preprocessing and pose initialization
steps. The preprocessing includes using images obtained from
multiple cameras to compute silhouettes and voxels and is de-
scribed in Section I1I-A. The parameters of the human body
model are computed as described in [32]. We assume that we are
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Fig. 6. Processing images to compute silhouettes and voxels.

able to perform single-frame registration in at least one frame
in the sequence and initialize the pose using the method de-
scribed in [31]. Typically, the pose can be initialized in some
of the frames in the sequence but the single-frame registration
is unsuccessful in the majority of the frames and we are left
with unregistered skeleton curves. We propose a temporal reg-
istration scheme by which means we register skeleton curves
by exploiting their temporal relation. Methods for pose initial-
ization and temporal skeleton curve registration are described
in Section 111-B. We then describe our tracking algorithm that
tracks the pose in two steps; the prediction step using motion
cues, and the correction step using 2-D and 3-D shape cues in
Section I11-C. We also describe an optional smoothing step in
Section I11-D.

A. Preprocessing

We use images obtained from N = 8 calibrated cameras. We
perform simple background subtraction to obtain foreground
silhouettes as shown in Fig. 6. In order to compute the voxels,
we project points on a 3-D grid (in the volume of interest) to
all the camera images. All points that are projected to image
coordinates that lie inside the silhouette in all the images are
considered to be part of the subject. In general, we could con-
sider points that lie inside the silhouette in at least N — M im-
ages, where M could take values 0,1, 2, ... depending on the
number of cameras in use. A nonzero value of M lends robust-
ness to background subtraction errors if there are a large number
of cameras (N > 10). We set M = 0 in our experiments. The
voxel reconstruction results using the silhouettes in Fig. 6(b) are
presented in Fig. 6(c).

B. Pose Initialization and Temporal Registration

We perform segmentation of the voxel data using Laplacian
Eigenmaps to obtain the different articulated chains [8], [31].
The method maps voxels on each articulated chain to a smooth
1-D curve in Laplacian Eigenspace. We can then segment voxels
as belonging to different curves (or articulated chains) and also
register them. For each segmented articulated chain we compute
the skeleton curve using smoothing splines as described in [31].
The method to initialize the pose of the subject using the regis-
tered skeleton curve is presented in Section 111-B1. An example
of a successfully segmented and registered frame is presented in
Fig. 7. However, the single frame registration method does not
succeed in all frames due to errors in voxel reconstruction or
segmentation, examples of which are presented in Figs. 8 and 9.
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We present a temporal registration algorithm to register skeleton
curves in such frames in Section I111-B2.

1) Pose Initialization: The pose is initialized for a com-
pletely registered frame as follows. The skeleton curve is
sampled at regular intervals to obtain a set of ordered points
for each body chain (trunk, head, two arms and two legs). The
sampled skeleton curve is illustrated in Fig. 7(c). We choose
an intersample distance of 20 mm as a trade-off between the
computational cost of denser sampling and the poor spatial
resolution of sparser sampling.

The pose is computed using the skeleton curves and is initial-
ized in two steps. First, the pose of the trunk is determined and
second, the pose of the remaining five articulated segments is
computed. The z-axis of the trunk is aligned with the skeleton
curve of the trunk as marked in Fig. 7(d). The y-axis of the
trunk is parallel to the right-left vector which is set to be the
average of the vectors from the right to left shoulder joint and
from the right to left pelvic joint on the skeleton curve marked
in Fig. 7(d). The z-axis points in the forward direction which is
determined using the direction of the feet and is orthogonal to
the computed ¥z plane. The zyz axis orientation that describes
the pose of the trunk is illustrated in Fig. 7(e). Once the trunk
pose has been estimated, the joint locations at the hips, shoul-
ders and neck are fixed. It is then possible to estimate the pose
of each of the articulated chains independently. The objective is
to compute the pose of the skeleton model so that the distance
between the points on the skeleton curve and the skeleton model
is minimized as described in Section 11-D. The initial estimate
of the pose is illustrated in Fig. 7(f).

2) Temporal Skeleton Curve Registration: Two examples
where registration of skeleton curves to articulated chains in
a single frame fails are illustrated in Figs. 8 and 9. In one of
the examples, the head is missing due to errors in background
subtraction. In the other seven skeleton curves are discovered
instead of six. We, therefore, introduce a temporal registration
scheme which exploits the proximity of the skeleton curves
belonging to the same body segment in temporally adjacent
frames. Given two frames at ¢y and t; > to where single-frame
registration is successful, we perform temporal registrationin all
the frames between #o and t,. Let S4 = {z5" 25" ... 5"
and SB = {25 25", ... 5"} be the set of points belonging
to skeleton curves S4 and SZ respectively. The distance
between skeleton curves S4 and S is given by

1 < .
na+np (;mjm (‘
b B A
2 min (e =57])) ). o0
;mjln T T (30)

Let S; and R: represent the unregistered and registered skeleton
curves for the ith articulated chain at time instant ¢. The tem-
poral skeleton curve registration algorithm is listed in Algorithm
2. We typically set druresuoLp = 50 mm. This threshold is
based on the maximum distance a chain can move between two
frames and the intra curve distance within a given frame.

sA SB
Z,; - .T/'J

d(8*,8B) =

Algorithm 2 Temporal Skeleton Curve Registration
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Fig. 9. Unregistered frame with extra segment.
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Require: Registered skeleton curves at time #¢: Rio for
i=1,2,...,6.

Require: Unregistered skeleton curves: S; for
t=to+1:t —1.

1
2:
3:

d(8;",R;_;) < druresHOLD

e A A

10:
11:
12:

fortimet =ty +1:4 —1do

for each Ri_, do

find the closest curve, S/, if it exists, such that

end for

P

if each curve S! is mapped to a different Ri_, then

registration is successful.

for each Ri_, do

if Ri_, has a registered candidate then

set Ri = S/
else

set R = Ri_,.
end if
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Example of registered frame: The various stages from segmentation and registration to pose initialization.

13: end for
14 end if
15: end for

We use Algorithm 2 to perform reverse temporal registration
aswell, i.e., we start at ¢ = ¢; and proceed backwards in time to
t = to. The reverse registration is necessary because if there is
a gap in the forward temporal registration for any of the six ar-
ticulated chains, then that chain is unlikely to be registered from
that point onwards. Any skeleton curve that is not registered to
the same articulated chain in the forward and reverse temporal
registration process is not used in the tracking.

C. Pose Tracking

Our tracking algorithm consists of a prediction step and a cor-
rection step that are described in Sections I11-C1 and 111-C2, re-
spectively. The overview of the tracking algorithm is presented
in Algorithm 3.

Algorithm 3 Tracking Algorithm

1: fortimet =ty : t; do
2. [* predict pose at time ¢t + 1 */
3: compute 2-D pixel displacement between frames ¢
andt + 1
4: estimate 3-D pose using pixel displacement
5:  [* correct pose at time ¢ + 1 */
6: forchaini=1:6do
7. if 3-D shape cues are available for chain 7 then
8: correct pose using 3-D shape cues (skeleton curves).
9:  else
10: correct pose using 2-D shape cues (silhouettes and
motion residues).
11:  endif
12: end for
13: end for

1) Prediction Using Motion Cues: In order to estimate the
motion of each of the body segments, we first project the body
segment onto each image. We call this step pixel-body regis-
tration. We then compute the pixel displacement for each body
segment in each image using the motion model for a rigid seg-
ment. The pixel displacement for a set of bodies in all the images
is then stacked in a single matrix equation which we use to es-
timate the change in 3-D pose.
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Fig. 10. Pixel registration: (a) view 1, (b) view 2.

Fig. 11. (a) Smoothed image with the foreground mask. (b) Motion residue for
. (c) The estimated pixel displacement for the mask. (d) Motion residue
for estimated  that results in the pixel displacement in (c).

Fig. 12. We estimate the motion from the base of the kinematic chain, i.e., the
trunk and propagate the motion in further steps. The segments for which the
pose is computed at a given stage is colored in black. (a) Step 1. (b) Step 2. (c)
Step 3.

Fig. 13. Obtaining unified error image for the forearm. (a) The silhouette at
time . (b) A magnified view of the silhouette. (c) The motion residue at time

. (d) The combined error image. (e) Error image with the mask corresponding
to the segment whose pose we are trying to correct.

a) Pixel-Body Registration: In order to determine the cor-
respondence between each pixel and the body segments we rep-
resent each body segment as a triangular mesh and project it
onto each image. The depth at each pixel is determined by in-
terpolating the depths of the triangle vertices. When multiple
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Fig. 14. Minimum error configuration: It does not matter if the object is oc-
cluded or nearly occluded in some of the images. (a) Cam. 1, (b) Cam. 2, (c)
Cam. 3, (d) Cam. 4, (e) Cam. 6.

Fig. 15. Position of the subject in the world coordinate frame in the three se-
quences.

segments are projected onto the same pixel the registration am-
biguity is resolved by using the depth. We thus register each
pixel to the body segment it belongs to and determine its 3-D
coordinates. Fig. 10 illustrates the projection of the body seg-
ments onto images from two cameras. Different colors denote
different body segments.

b) Estimating Pixel Displacement: We use a parametric
model for the motion of pixels belonging to the same segment
in each image. The displacement at pixel u is a function of

, , Wwhere isthe displacement, isthe rotationand is
the scale parameter and is given by

= (M )

where ug is the 2-D location of the joint of the body segment.
We find that the above parametric representation is more robust
than an affine motion model and we can also set meaningful
upper and lower bounds on each parameter. Let uy, ..., u, be
the pixels registered to a given segment. We compute the value
of o— Bs o+ p foreach segment that minimizes
the residue given by e e. The value 5 denotes the imposed
bounds on the motion and the jth element of e (the vector of
pixel residues) is given as

(1)

(u.

ej = I(wj) — Iy (uj + (uj, (32)

)

where I is the observed image at time ¢ in one of the cameras.
A value of 0 for means there is no motion.

Fig. 11 illustrates the pixel displacement computations. Once
we have estimated the motion parameters, we can estimate the
corresponding “motion residue” which is defined as the differ-
ence between I;,1 and I; warped according to the estimated
motion. If the actual motion of a pixel agrees with the estimated
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