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Abstract

We present an integrated approach towards the seg-
mentation and shape estimation of human body outlines.
Initially, we assume that the human body consists of a
single part, and we fit a deformable model to the given
data using our physics-based shape and motion estimation
framework. Asanactor attainsdifferent postures, new pro-
trusions emerge on the outline. We model these changes
in the shape using a new representation scheme consisting
of a parametric composition of deformable models. This
representation allows us to identify the underlying human
partsthat gradually become visible, by monitoringthe evo-
Iution of shape and motion parameters of the composed
models. Based on these parameters, their joint locations
are identified. Our algorithm is applied iteratively over
subsequent frames until all moving partsare identified. e
demonstrate our technique in a series of experiments with
very encouraging results.

1 Introduction

The task of human motion analysis can be decomposed
into the following subtasks: (1) estimation of the shape and
motion parameters of the parts of a human body, and (2)
recognition of the motion performed by the actor. The esti-
mation subtask isimportant in applications such as anthro-
pometry, human factors design, ergonomics, performance
measurement of both athletes and patientswith psychomo-
tor disabilities and virtual reality. On the other hand, the
recognition subtask is important in applications such as
human computer interaction.

The human body consists of non-rigid articul ated parts
whose motion depends on joints with various shapes and
on intricate muscle actions. To recover the degrees of free-
dom associated with the shape and motion of a moving
human body, many researchers either use a model-based
approach [10, 4, 1, 7, 8, 15, 14] or employ certain assump-
tions [13, 18, 3, 17, 2, 19, 6]. Most of these techniques
assume models that can only approximate the human body
(e.g., generalized cylinders) and cannot adapt to different
body sizes, sincethey are not deformable. To overcomethis

problem other researchers assume prior segmentation of the
given data into parts [12] and then fit deformable models
that can adapt to datafrom humansof different sizes[11, 9].
However, the process of segmentation and the process of
shape and motion estimation are decoupled leading to pos-
sible lack of robustness and inaccuracies. Moreover, no
techniques exist that acquire a concise model of the human
body automatically. The solution to the above problems
requires the development of an algorithm that: (1) inte-
grates the processes of segmentation and fitting, (2) allows
reliable shape description of the parts, (3) estimates thetrue
location of the jointsbetween the parts, (4) detects multiple
joints, and (5) obviates the need for markers and special
equipment.

As afirst step towards such an agorithm, we have pre-
sented a physics-based approach to the shape and motion
estimation of non-occluded chain-like structuresin human
body outlines (e.g., arms and legs) [5]. In this paper, we
extend our technique to be able to fully segment outlines
of moving humans. Initialy, we assume that the human
body consists of a single part. Using our physics-based
framework, we fit a deformable model to the given time-
varying dataand we monitor therelevant model parameters.
Dueto intra-part occlusion (partial or full) and the relative
motion of the human parts, the shape of the outline dy-
namically changes. In particular, tree-like structures (e.g.,
from the motion of the arm with respect to the torso) and
chain-like structures (e.g., from the motion of the upper
arm with respect to the forearm) are protruding from the
outline. Identifying these structures will lead to the iden-
tification of the underlying human parts. To this end, we
introduce a new method for modeling shapes with large
protrusions which amounts to composition of deformable
models. Thismethod allows usto represent the shape of an
outlinein a compact way and to hypothesize an underlying
part structure. We can verify the hypothesis by monitoring
the relative motion of the composed deformable models.
Once the hypothesis of multiple underlying parts is veri-
fied, we are able to identify their joint location based on
the estimated shape and motion parameters. Our algorithm



for part-identification, and for the estimation of shape and
motion is applied iteratively over subsequent frames until
all the moving parts are identified.

In this paper, we first formulate the theory of paramet-
ric composition of geometric primitives. We then present
the algorithm for shape and motion estimation for parts
that gradually become visible. Finally, we present selected
experimental results demonstrating our algorithm.

2 Deformable models

Following the notation in [9], the 3D position x of a
point (with material coordinates u = (u,v)) on a de-
formable model at time ¢, with respect to an inertia
frame of reference @ is given by x(u,t) = c(t) +
R(t)p(u,t), where p(u,t) is the position of the given
point with respect to a model-centered reference frame ¢.
In addition, ¢(¢) and R.(t) denote the position of the ori-
gin and the orientation of ¢ with respect to ®. We further
express the positionp as. p = s + d, wheres(u, ¢) isthe
model’sglobal reference shapeand d(u, t) representsadis-
placement function. We define the global reference shape
ass = T(e(u; ao, a1, ...); bo, b1, ...), where the geomet-
ric primitive e (defined parametrically over u with global
shape parameters a;) is subjected to the global deforma-
tion T which depends on the parameters ;. To represent
the local deformations, we employ finite element shape
functions which are tensor products of one-dimensional
Hermite polynomials [5]. Therefore, d=Sqq, where S
is the shape matrix whose entries are the shape functions
andqg=(...,d;",...)T isthevector of local deformation
parameters.

2.1 Parametric Compaosition of Geometric Prim-
itives

To represent large protrusions or concavities and their
shape evolution in a compact and intuitive way, we intro-
duce a new representation based on the parametric com-
position of primitives. Intuitively, using the parametric
composition of primitives, we can describe compactly the
shape of their union (in the case of protrusions) or intersec-
tion (inthe case of concavities). Fig. 1 depicts an example
of composition (union) of two superellipsoids.

In the interest of space, we will formulate the the-
ory of composition in 2D, to represent the shape of the
boundary of the union of primitives®. Let xo and x;
be two 2D parametric primitives (defined by the map-
pings Co:[vo,, vo,) — IR and Ci:[v1,,v1,) — IRE respec-
tively - where the subscripts b and e denote the beginning
and end of the domain) positioned in space so that x4, in-
tersecting primitive, intersects xo, root primitive, at points

1In the 2D case the material coordinate spaceis one-dimensional and
u=w.
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Figure 1: An example of composition of two superellipsoids:
(8) depicts x1(v1) which intersects xo(vo) at points A and B, (b)
depicts their composition x(v), and (c) depicts the composition
function é(v; 0.65x,0.77x, 10).

A and B. The coordinates of these two points can be ex-
pressed in terms of either the material coordinate v of xg
or the material coordinate v; of x;. Let vga and vop be
the values of vg, and v1 o and v1 g be the values of v, at the
points A and B, respectively (Fig. 2(a,d)). Without loss
of generality, we can assume that we name the points of
intersection A and B so that the relation vo o < vgg holds.
Also, let Iy be the curve segment of xg which lies in the
interior of the union of xo and x; (Fig. 2(b)), and Jp be
the curve segment of xo which belongs to the boundary of
their union (Fig. 2(c)). Wedefine |; and J; in asimilar way
(Fig. 2(ef)). Intuitively, in composing two primitives to
represent the boundary of their union, we want to map 1
toJ; and J to 1;. However, depending on the position of
the point Co(vo, ) (if it belongsor nottol g), thecurvelg can
be the map of either a continuousinterval or of a union of
continuous intervals. For example, a superellipsoid xo(vo)
is defined by the mapping Co:[—, 7) — IR as depicted in
Fig. 2(c). When a superellipsoidx; intersects xq, the point
Co(—m) either belongsto | o (Fig. 2(i,k)) or not (Fig. 2(h,j)).
In the first case, |g is the map of the union of two contin-
uousintervalslg = {Xo(vo) 10 € (UO,Ba 7T) U [—ﬂ', on/_\)}.
In the second case, lg is the map of a single interval
lg = {Xo(vo) Lo € (on/_\, UO,B)}- This distinction arises
from the fact that the openinterval [vg, , vo, ) and the closed
curve xg are not homeomorphic?.

Based on the above, the shape x of the composed prim-
itive (C:[vy,v.) — IRP), can be defined in terms of the
parameters of the defining primitivesxg and x; asfollows:

X(v) = (1= 6(v)) Xo(ho(v)) +8(v) Xa(ha(ho(v))), (1)

where é&:[vp,v.) — [0,1] is the composition func-
tion for the union of two primitives.  Specificaly,
8(0; Ymin, Ymax, ¢) =0 (¢ (v-vmin)) — o(c (v-vmax)), Where
¢ is a constant that controls the shape of the function 6
at the neighborhoods of vmin and vmax, and a:IR — [0, 1]
is defined as: o(z)= ”Lzh(x) The function o approx-
imates the step function. The piecewise linear function
ho:[vs, ve) — [vo,, vo,) Maps the material coordinate v to
vo and is defined as. ho(x) = fi(x) (see appendix for the

2A set Siis topologically equivalent or homeomorphicto a set T iff
thereisa 1-1 bicontinuousmapping f of Sonto T.
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Figure 2. Figs.(a-c) illustrate the notatlon pertaining to Xo,
Figs.(d-f) illustrate the notation pertaining to x1, Fig.(g) demon-
strates that the interval [—, =) and a closed curve are not topo-
logically equivalent, and Figs.(h-k) depict possible positions of
the points Co(—=) and C1(—).

definition of the functions f;(x),7 = 1...4). The piece-
wise linear function h1(%):[vo,, vo.) — [v1,, v1.) mapsthe
material coordinate vg to v1. In effect, h1(z) mapslo to
and Jy to |1 in order to form the union. For the definition
of hy(x), four cases have to be distinguished. These four
casesreflect if the curve segments|y, J, 11 and J; (their def-
initionfor each case are given at the appendix) are maps of
asinglecontinuousinterval or of a union of two continuous
intervals.

Casel: If Co(vob) € Jp and Cl(vlb) € 11 (Fig. 2(h)), then

_ | filz) =€ (voa,voB)
min={ 20 L€ nvon

The function f1:(voa,vos) — (v1,a,v1,8) MaPS lg
to J;, and the function fa:[vog, 7) U [—7, voa] —
[1}175, 7T) U [—ﬂ', U]_y/_\] maps J to I1.

Casell: If Co(vob) € lgand Cl(vlb) €1y (Flg 2(i)), then

_ | foz) =z € (vop,m)U[—7, vonA)
me={ 50 e e

The function f2:(vog, ) U [—7, voa) — (v18, v1,A)
maps lo to Ji, and the function fs:[voa,vos] —
[vpa, m) U [—7, v18] maps G to ;.

Caselll: If Co(vo,) € Jand Cy(vy,) € & (Fig. 2(j)), then

_ [ fs(z) € (von vop)
o= { 50 L Ebn o )

The function fgi(voy/_\, UO,B) — (Uly/_\, 7T) U [—ﬂ', 1}175)

maps g to A, and the  func-
tion f2:[vos, 7) U [—7,voa] — [v1B,v1,A] Maps Jo
tol;.

CaselV: If Co(vg,) € lpand C1(v1,) € J (Fig. 2(k)), then

L[ fix) € (0pm) Um0
hale) = { fj(x) z € [U;/i vog]. "

The  function  fa:(vop, ®)U[—7, von) —
(vig, ™) U[—7, v1,a) Maps lo to Ji, and the function
fi[voa, vog] — [v1,A, v1,8] MAPS b tol;.

The equations above generalize easily to the case of
multiple intersecting primitives. In the following section,
we will examine how the proposed representation can be
used for the analysis of human outlines.

3 Active body part extraction: shape and
motion estimation

The goa of our approach is to automatically segment
body outlines of moving humans without using a prior
model of the human body and the shape of its parts. To
accomplish this goal, we request that the actor performs
a set of motions according to a protocol that reveals the
structure of the human body. All the motions start and
end in the position where the body iserect and thearms are
placed straight against the sides of the body facing medially
(body reference position). The set of motions required to
identify the shape and connectivity of the head and the
limbs of an actor are described below.

Protocol of Motions

1. Head Motion: The actor tilts the head forward asfar as pos-
sible.

2. Left (or right) upper body extremitiesmotions. In the first
phase of the motion, the actor lifts the left (or right) arm
to the front until the arm reaches the horizontal position.
Continuing from this position to the second phase, the actor
rotates the arm so that the hand is facing downwards and
flexesthe wrist. Then, the actor bends the elbow, bringing
the forearm to the vertical position.

3. Right (or left) upper body extremitiesmotions:. The actor
lifts the left (or right) arm backwardsto a comfortable po-
sition, in which the arm is not fully occluded by the torso.
Then, the actor performs the left upper body extremities
motions using the right arm.

4. Left (or right) lower body extremitiesmotions. This mo-
tion consists of two phases. In the first phase, the actor
extends the left (or right) leg to the front. When the leg
reaches the maximum comfortable position (in which the



