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Abstract

This paper presents a framework for multiple body part tracking
based on a probabilistic data association (DA) filter. The body parts
are extracted using iterative cluster background subtraction and fore-
ground modeling with pictorial structures. The background subtracted
silhouette is cluttered and the body parts are subject to occlusions.
The main novelty of the paper is in the effective solution for data asso-
ciation which involves tracking body parts based on the expected like-
lihood method. We also show the advantage of the expected likelihood
DA over the standard Probabilistic Data Association Filter (PDAF).
A number of experiments have been conducted on several synthetic
and real-time data sets and encouraging results have been obtained.

1 Introduction and Previous Work

Multiple body part object tracking is a challenging area of research within
computer vision and tracking communities due to the various challenges
that it poses both from theoretical and practical point of view. The high
degree of freedom of articulating regions with inter-dependencies between
them requires efficient techniques able to cope effectively with the dynamic
changes of the objects and background. Motion tracking consists of two dis-
tinct phases: detection and tracking. The detection process primarily aims
at segmenting the human object from the frames of the video sequences.
Tracking, on the other hand, involves spatially locating these detected re-
gions in time. A number of techniques have been proposed for the detection
and tracking phases [8, 10, 25]. In this paper, we present a probabilistic data
association filter for multiple body parts tracking of a single articulating hu-
man object. These body parts are extracted using an iterative cluster level
background subtraction mechanism and pictorial structure for foreground
modeling.



Various techniques have been proposed for solving body parts object track-
ing problems that include, but are not restricted to features based methods,
gradient techniques and probabilistic methods [24, 9, 25]. The presence of
multiple parts of the body with similar feature characteristics leads to uncer-
tainty in the origin of measurements. In this paper, we focus our attention
on tracking human body parts based on multiple independent particle filters
and the probabilistic data association algorithm which afford handling the
uncertainty due to the measurement origin.

Data association (DA ) refers to deciding which of the received multiple mea-
surements to use to update the trajectory of the moving target [6, 26, 17].
Two important solutions to the DA problem are in the form of the strongest
neighbour filter and the nearest neighbour filter [6, 15]. While the strongest
neighbour filter chooses the measurement with the highest intensity speci-
fied within a bounding gate, the nearest neighbour filter prefers the closest
measurement. These techniques are well suited for applications where the
number of validated measurements is low and when the objects do not ma-
noeuvre. In such situations a PDAF is useful. The general idea behind
the probabilistic data association is, instead of using only one measurement
among the multiple received ones and discarding the others, rather use all
of the validated measurements with different weight (probabilities).

Data association is a problem of crucial importance for also multiple target
tracking because of the necessity to relate each measurement to the correct
object. Many methods have been proposed in the estimation and tracking
literature [16, 6, 15, 20, 18], [19, 12, 7, 1, 23] both in the cases of known
and unknown number of multiple targets. The observations are assumed
to originate from different targets or from clutter. In some applications
only one measurement is assumed available from each target, where in other
applications several returns are available. This will of course reflect which
data association method to use. The number of targets is estimated in other
works [22, 21, 27, 14, 13], by using, e.g., the so called birth-death model.

2 Particle Filtering for Body Parts Tracking

In order to track the objects of interest, the posterior probability density
function p(x|zx) of the state vector xj has to be estimated at each time
step k given the measurement vector zy. Within the recursive Bayesian
framework this is performed based on the two step process of prediction and
update. In the prediction step the probability of the current state based on
its previous measurement is made:

p(@xlze_1) = / p(@i|k)p(@h 1|21 )di_1. (1)



The filtering step is specified using:

p(xk|zk) o< p(zk|zk)p(TE|28-1)- (2)

The prediction step follows from marginalisation, and the new distribu-
tion is obtained by directly applying the Bayes’ rule. The dynamics of the
body parts is specified by the model p(xy|xi_1) and the feature likelihood is
estimated in the light of the current observation p(zj|xy). The initial state
probability density function p(x() is assumed to be known (supplied by a
background subtraction technique [4, 5]). Once the sequence of the filtering
distribution is known, point estimates of the state vector can be obtained
using any of the appropriate function such as maximum-a-posteriori (MAP)
estimates or minimum mean square estimates (MMSE).

A particle filter is implemented where the weighted set of samples {wg), wg) }N .
approximates the state probability density function p(x|zx). New samples "
are generated from a suitable proposal distribution, which in turn depends

on the previous state and new measurements, i.e., az,(;) ~ qp (mk|m,@1, zk),

i=1,2,...,N. The new importance weights are set based on:

A A (@, (@) ()
wg}rl x wg)P(zk’% )p(xk ’wk_l)

. (3)
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where the sum of the weights is 1. The efficiency of the particle filter algo-
rithm depends on the quality of the proposal distribution for the state and
the likelihood function.

3 Motion and Measurement Models

The state space approach requires specifying the motion model p(x|xi_1),
and a measurement model p(zy|xy) which links the state vector to the mea-
surement vector. The state space of any object within a frame k can typi-
cally consist of different kinematic and region parameters. The state vector
i = (Tk, Tk, Yk, yk)’ comprises the position coordinates xy, yi and the veloc-
ities &, yi of the centre of the target regions of the object in the image. The
evolution of the state vector is described using the linear constant velocity
model [2]:

zp = Fzp_1 + Guyy, (4)
. /1T (T2 1 0 0Y)
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T =1 is the sampling interval. The noise v} is assumed to be zero mean,
white, Gaussian with covariance matrix Q, i.e., v1; ~ N(0,Q).



Cluster background subtraction [4, 5] is applied to a set of R images and
as a result the silhouette of the human is obtained in the presence of clutter.
The colour cue and histogram are used as a measurement model. Due to this
nonlinearity a particle filter is used to estimate the state vector for each body
part. The PDAF approach assumes that all measurements are in a particular
target extension gate and originated either from a target or from random
clutter. We suggest solving our single object multiple parts tracking problem
in video sequences with the assumption that the positional interference of
different body parts are resolved spatially and each different body part is
tracked using a separate particle filter where the data association ambiguity
is resolved by the proposed Expected Likelihood Data Association Filter
(described in the next section).

4 An Expected Likelihood Data Association Filter
for Body Parts Motion Analysis

In this paper we propose a solution to the data association while tracking
body parts in clutter based on the expected likelihood method [18]. Human
body parts are subject to partial and full occlusions which creates problems
to the algorithms for motion analysis. In the presence of a number of dif-
ferent body parts to be tracked, the standard approach [6, 15] to tracking
in clutter is with the use of a Kalman filter or an extended Kalman filter
and gating the measurement based on the predicted measurement covari-
ance. The predicted state is then updated using this measurement covari-
ance within probabilistic data association.

However, the predicted measurement covariance is not directly available
in the particle filter and can be reconstructed approximately from the cur-
rent cloud of particles. In this paper, the expected likelihood is calculated
from the measurements and clutter statistics which is further used to val-
idating the measurements against clutter. In subsection 4.1, we illustrate
the standard mechanism of tracking using the PDAF and in subsection 4.2,
we introduce the proposed expected likelihood probabilistic data association
(ELPDA). We show the advantage of the ELPDA over the standard PDAF.

4.1 A Probabilistic Data Association Filter (PDAF)

Suppose the set of measurements at time k is Z = {zk,j}?z’“l and my, is the
number of measurements falling within a validation gate. The cumulative set
of validated measurements up to time k is denoted as Z* = {Z,}§_,. At each
scan, the validation gate, centered around the predicted measurement zj;,_;
of the target, is setup to select the measurements associated probabilistically
with the target. The validation region is



(Zk — Zkjp—1) St (=g — Zph-1) < 9% (5)
where Sy, is the covariance matrix of the innovation process vy = 2 —Zjk—1
corresponding to the true measurement and g is the gate size and ' is the
transpose operation.

The standard PDAF for dealing with the measurement uncertainty in-
corporates the Kalman filter and the respective relationships are briefly
summarised below. The prediction @y,_; of the state vector and of the
prediction 2z, of the measurement vector at time k are defined, respec-
tively, as: %k\k—l = FZEk—Hk—l and Ek“ﬁ—l = H%k—l\k—l where H is the
matrix of the linear measurement equation

zi = Hyxp + vok, (6)

where vy i, is the measurement noise, assumed to be a white Gaussian process
with covariance matrix R,. The state covariance matrix P is given by:

P, =FP, .F +GQG . (7)
The state update equation of the PDAF is represented using
Ty = Tp—1 + Wik, (8)
where the Kalman gain W is computed as follows,
W, =P,HS; ", 9)
S, =HP,H +R,. (10)

The combined innovation process is

— k
v = Ej:Llﬁjykvm. (11)
where the separate innovation vectors are

Vjk = Zjk — Zklk—1- (12)

The overall covariance P}, associated with the state vector is given in the
form [17]

Py=Py+ Wy {ﬁo,ksk + 30 [ﬂj,k'vj,k'v;‘,k;] - vj,k;v;-,k} W, (13)

Py=P,_—W,S,W,, (14)

where 3; . denotes the probability that the jth measurement comes from
the target in track at time k; 3y denotes the probability that none of the



measurements is originated from the target, or equivalently, the probability
that the current measurement is a false alarm (or clutter). To evaluate the
association probabilities, the conditioning is broken down into the past data
Z* 1 and the latest data Z*. A probabilistic inference can be made on
both the number of measurements in the validation region (from the clutter
density, if know) and on their locations, expressed as [3]

Bik = P(0;x1Z7)
1
- ap |:Zk‘6j,lﬁmkvzk_1 P(ej,k’mk7zk_1)7 .] :0717"'7mk7 (15)
where ¢, is a normalisation constant, f;; denotes the event that the mea-
surement z j is originated from the target, 6 ; denotes the event that none
of the measurements is originated from the target.
Using the parametric PDAF [15], the association probabilities are:

b
S i=0 16
/BO,k b+ E;iklei’ J ) ( )
Bip= —3_ i=1,2,.my (17)
s b + E:‘iklei’ ) 4y )
where
or]™?  1- PpPg
b=|— AVy——— 18
[ g } P (18)
ej = exp [—v;vksglfvjvk/Q , (19)
m/2
_ i m/2 1/2 9

where Vj is the volume of the ellipsoidal validation region, Pp is the prob-
ability of detection, Pg is the probability that the target measurement falls
in the m-dimensional validation region, A is the spatial density of false mea-
surements and I'(.) is the Gamma distribution. The weights 3, fulfill the
constraint:

NGk =1, 0 < B < 1. (21)

4.2 Expected Likelihood Probabilistic Data
Association (ELPDA)

The ELPDA technique is used in the context of tracking in clutter, where
it is necessary to identify and decide which of the measurements are correct



and which are not. Generic particle filters are capable of modeling non-
Gaussian probability density functions. However, when tracking an object
with a particle filter, an analog of the predicted measurement covariance is
not directly available. One possible solution then is the expected likelihood
particle filter [18]. In order to account for the uncertainty in the measure-
ment origin, the expected likelihood can be computed as the sum of the
individual likelihoods of the measurements, with the weights provided by
the PDA.

For the set of available measurements, we assume that one of the mea-
surements originates from the target, and the rest are due to spurious clutter.
In the case of body parts tracking the colour cue is used and the measurement
equation is highly nonlinear. According to [18] the conditional probability
p(0;1|Z") of the association event 6, j, that the jth measurement in the gate
is the correct measurement is given by

p(9j7k|Zk) :p(0j7k|zk,mk,Zk’1) (22)

for the set of mj; measurements zj that fall within the validation gate.
From the Bayesian theorem, it follows that

p(0 1|2k, mi, Z87Y) o p(2|0; 5, Mk, Z87Y) X p(0; 1M, ZF71). (23)

If the incorrect measurements have a uniform probability density func-
tion within the gating volume Vj, and with the assumption of a normal
measurement error for a correct measurement, we have

P(2k|0; & M, Zk_l) = { “;k_yi;nk_l)PélN(zj’k;O; Sk), ‘] i Lo
oo J=
(24)
where Pg is the probability of gating, S is the covariance matrix of the
innovation vector z; .

Finally, it can be shown [18] that the probability p(0; x|z, mk, Z*) of asso-
clation events can be calculated as follows:

1 p=b (PpPg)pr(my—1) —(my—1) o
X/' G mkPDPGHF(mk*1)+(1*PDPG)/JF(mk) k
213 0;S%), =1,.., ;
P(ej,k’mka Zk) _ ( k k) J mg
(1—Pp Pg)up (my) 0

PpPapr (my—1)+(1—Pp Po)nr(my)

where Pp is the probability of detection, pp is the probability mass function
of the number of incorrect measurements, PpPg refers to the probability



that a target us detected and its measurements fall within the gate and Ry,
is the measurement error covariance matrix.

Substituting the expected likelihood into the relation for the particle weights,
we have:

(4) (4)

wy,” o< wy”q X

p(9o,k|mk7zk71)Vk7<mk)+Z;ik1p(9j,k|mk7zk71)Vk7(mk71)P61N(Zk72j,k,Rk)p(m;(:)|w;(21) (25)
a(@ |z} | ,2)
where ¢ = 1,..., N. We assume that the importance function is chosen to

be the prior p(m,(;)|a:,(;11) and then the weight update becomes the mixture
of the PDA weighted measurement likelihoods for the correct and incorrect
measurements.

5 Results

This section of the paper presents results comparing the tracking perfor-
mance of PDAF and ELPDA approaches on video data from Carnegie Mel-
lon University [11].

First, a cluster background subtraction technique [4, 5] is applied to ex-
tract the silhouette of the human from the first 98 = 10 video frames. Some
of the BS images are shown in Figure 1 where we can see the occlusion
between the body parts and the presence of clutter. A foreground model-
ing technique using pictorial structures and a genetic search algorithm [5] is
applied to isolate each body part. Since the background subtracted silhou-
ette is subject to clutter and occlusions, particle filters with the proposed
ELPDAF is applied to track the body parts of the moving person.

Here, we give the graphs of the trajectories of 4 different body parts:
head, torso, an arm and a leg across a number of different frames in a
sequence. We also compare the results of ELPDA, PDAF for different body
parts with the results of a foreground detection method and manually labeled
ground truth.

The trajectories in Figure 2 represent the predicted spatial coordinates
of the body parts using the proposed ELPDA technique, PDAF algorithm,
the ground truth of the positions that are manually labeled and the results
of the detection of foreground using the genetic algorithm search. Results
from separate video frames are shown in Figure 3.

A number of important conclusions can be drawn from the above graphs.
First, it is evident that the PDAF performs accurately and produces results
similar to the ground truth data. Second, the foreground detection method
produces less accurate results compared with the other methods particularly



Figure 1: Background subtracted images
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Figure 2: Position coordinates of the centre of the body parts estimated
using the ELPDA and PDAF are compared with the ground truth data and
foreground detection using a genetic search algorithm [5]
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Figure 3: Results with the CMU video data for frames: 9, 21, 33, 45, 57
and 69. The dots in the video frames show the estimates for the centre of
the torso.
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because of the evolution search mechanism that fails to converge to a solu-
tion in efficient time. Next, it is obvious that the head and the torso are
quite accurately tracked over the sequence as compared with the legs and
the arms. The main reason attributed to this is because of the degree of
freedom that these parts of the body have (i.e., rotational and spatial move-
ments) as against the heard and torso regions. The only main drawback
of the proposed scheme is that the tracking of parts works in serial which
increases the computation demands of the algorithm. Also, in some areas
of movements where one arm or leg region cross another during occlusion,
there is a high degree of possibility that the measurements from them can be
misinterpreted. However, these limitations can be overcome with the Joint
PDAF approach.

6 Conclusions

This paper presents a framework for multiple body parts tracking in the
presence of measurement uncertainty. Promising results are presented based
on an expected likelihood PDAF and they are compared with the standard
PDAF. Current work is focussed on multiple people body parts tracking,
where all parts of a human will be considered as a whole, instead of using
separate tracking algorithms for each body part.
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