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Abstract sity function (pdf) which is multi-modal. One alternative is
to use nonparametric probability models such as Isard and
This paper describes a probabilistic multiple-hypothesis Blake’s CONDENSATION algorithm [13]. While nonpara-
framework for tracking highly articulated objects. In this metric models can represent arbitrary pdfs, their computa-
framework, the probability density of the tracker state is tional costs are prohibitive for the large state spaces required
represented as a set of modes with piecewise Gaussiani figure tracking.
characterizing the neighborhood around these modes. The Multiple hypothesis tracking (MHT) is a classical
temporal evolution of the probability density is achieved approach to representing multimodal distributions with
through sampling from the prior distribution, followed by Kalman filters [3]. It has been used with great effective-
local optimization of the sample positions to obtain up- ness in radar tracking systems, for example. This method
dated modes. The multimodal nature of this representa-maintains a bank of Kalman filters, where each filter corre-
tion endows significantly greater robustness when track- sponds to a specific hypothesis about the target set. In the
ing through ambiguous events than a unimodal tracker. usual MHT approach, hypotheses are generated from data
The quasi-parametric form of the model is suited for high- associations between sets of measured features and targets.
dimensional state-spaces which cannot be efficiently mod-n scenes with significant clutter, a straight-forward applica-
eled using a non-parametric approach. Results are showntion of this technique to vision problems rapidly leads to an
for tracking Fred Astaire in a movie dance sequence. almost intractable number of hypotheses [8, 7]. An impor-
tant point, however, is that the intractability stems from the
method for generating hypotheses, not the dimensionality
1 Introduction of the state space.
This paper describes a novel formulation of MHT for fig-
ure tracking which is less susceptible to exponential growth
- L : in the number of hypotheses. The key idea is to explic-
perceptual user-interfaces. It has applications ranging fromitIy model and track the modes in the state pdf. We use

3D mouse input [21] to content-based video editing [16]. a sampling-based state space search process to generate a
This paper addresses the visual tracking problem for an ar- ping P P 9

ticulated object such as the human figure, using a k”OW”ﬁﬁé|?r::g§0tgese§nceorg§§pohndIg?hteostehset:]orgil rEaS?;Tea;n ;2‘2
kinematic model [17, 12, 27, 22]. The kinematics of an ar- - By 9 g hyp 9 P

ticulated object provide the most fundamental constraint Onsearch we a_v0|d_ the explosion in hypotheses that \.NQUId re-
. . ) . . . sult from using image correspondences. By explicitly fo-
its motion. Kinematic models play two roles in tracking.

First, they define the desired output—a state vector of joint cusing our representation on the modes of the distribution

angles that encodes the degrees of freedom of the model’© avoid the explosion in the number of samples that a non-

Second, they specify the mapping between states and im_parametric scheme requires. Our approach is based on the

A key attribute of any tracking scheme is the choice y y

of probabilistic representation for the state estimates. Thethe'r. posterior dens'ty' Th.'s work IS the first appllcatlon of
Kalman filter [2] is a classical choice which has been em- multiple hypothesis techniques to figure tracking.

ployed in earlier figure tracking work (see [18, 15, 24] for ) ]

examples). Unfortunately the Kalman filter is restricted to 1.1  The 2D Scaled Prismatic Model

representing unimodal probability distributions. The pres-

ence of background clutter, self-occlusions, and complex Much of the previous work on figure tracking has em-
dynamics during figure tracking results in a state space denployed 3D kinematic models and focused on detailed esti-

Visual tracking of human motion is a key technology for



mation of 3D motion. These approaches require multiple video sequence, given some initial state.

camera viewpoints for accurate estimation and rarely op-

erate on-line. In contrast, perceptual user interface appli-2  Probability Density Representation

cations are more likely to benefit from reliable 2D figure

tracking that can operate in real-time using a single cam- ¢ cpoice of representation for the probability density

era input. For example, it's likely that many useful gestures ¢ o 14 cier state is largely dominated by two concerns. The
can be recognized from a purely image-based description Ofunimodality constraint imposed when using a Gaussian-
figure motion, without recourse to 3D motion estimates.

i s s X L based parametric representation such as the Kalman Filter is
This paper focuses on figure registration, which is the

. . . . . . inaccurate when tracking in a cluttered environment, while
estimation of 2D image plane figure motion across a V|deoa sample-based representation (such as used in the CON-

sequence. Figures are described by a novel class of 20heNSATION algorithm) requires a prohibitive number of
kinematic models calle@caled Prismatic Model§SPM), g5 mnjes for encoding the probability distribution of a high-
introduced in [16]. These models enforce 2D constraints DOF SPM model. Instead we adopt a hybrid representation

on figure motion that are consistent with an underlying 3D\, hich supports a multimodal description but requires fewer
kinematic model. Unlike 3D kinematic models, SPM’s do samples for modeling.

not require detailed prior knowledge of figure geometry and Our selected representation is based on retaining only

dq not s_uffer fr_om singularity problems when they are used the modes (or peaks) of the probability density and model-
with a single video source. _ _ing the local neighborhood surrounding each mode with a
Each link in a scaled prismatic model describes the im- G5,ssjan. This addresses the multimodality issue directly,

age plane appearance of an associated rigid link in an unyypije the yse of Gaussians eliminates the need for a large
derlying 3D kinematic chain. Each SPM link can rotate and ,; nher of samples to non-parametrically shape the distri-
translate in the image plane, as illustrated in Figure 1. They 1 2round each mode

link rotates at its joint center around an axis which is per-
pendicular to the image plane. This captures the effect on
link orientation of an arbitrary number of revolute joints in
the 3D model. The translational degree of freedom (DOF) o ] o }
models the distance between the joint centers of adjacent 1ne basic idea in a probabilistic framework for tracking
links. It captures the foreshortening that occurs when 3D iNvolves maintaining a time-evolving probability distribu-
links rotate into and out of the image plane. This DOF is tion of the tracker state. In order to generate a mode-based
called a scaled prismatic joint because in addition to trans-r€Presentation for the probability distribution of the tracker
lating the joint centers it also scales a template representaState the algorithm has to recover these modes in each time-

3 Mode-based Multiple-Hypothesis Tracking

tion of the link appearance. rame. . o
The algorithm proposed here may be modularized in a
Vp / manner compatible with Bayes Rule:
\q p(ze|Zt) = k p(zt|ze) p(we|Ze-1) 1)
d wherez; is the tracker state at time z; is the observed

g
.
0

data, Z; is the aggregation of past image observations (ie.
z; for 7 = 0,...,t), andk is a normalization constant.
Furthermore:; is assumed to be conditionally independent
of Z;_1 givenxy.

The stages of the algorithm at each time-frame involve

Q
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Figure 1. The effect of revolute (6) and pris-

matic (d) DOF’s on one link from a 2D SPM

chain. The arrows show the instantaneous ve-

locity of points along the link due to an instan- 1. Generating the new prior densjiyz:|Z; 1) by pass-

taneous state change. ing the modes op(x:—1|Z;—1) through the Kalman
filter prediction step.

A complete discussion of SPM models, including a 2. Creating initial hypothesis seeds by sampling the dis-
derivation of the SPM Jacobian and an analysis of its sin-  tribution of p(z¢[Z;_1).
gularities, can be found in [16]. In this report we model 3
the figure as a branched SPM chain. Each link in the arms,
legs, and head is modeled as an SPM link. Each link has
two degrees of freedom, leading to a total body model with
19 DOF’'s. The tracking problem consists of estimating a 4. Measure the local statistics associated with each like-
vector of SPM parameters for the figure in each frame of a lihood mode using perturbation analysis.

. Refining the hypotheses through differential state-
space search to obtain thmodesof the likelihood
p(zt|z).



5. Computing the posterior densjtyz;|Z;) via (1), then  via the EM algorithm[10]), the PWG representation pro-
updating and selecting the set of modes. vides satisfactory approximation at negligible cost of fitting,
although sampling from the PWG representation is not as

3.1 Multiple Modes as Piecewise Gaussians  Straightforward (discussed later in section 3.3.2).

Given a set ofV' modes for which theth mode has a 3.2 Generating Prior Distributions
statem;, an estimated covarianc® and a probabilityp;, o _ _ _ _
an accurate construction of the probability density function ~ Obtaining the prior density(z:|Z; 1) in the next time

requires a local maxima of valug located at eachn;, frame is similar to the Kalman filter prediction step. A dy-
with the local neighborhood surrounding; being approx-  hamical model is applied to the modes of the posterior dis-
imately Gaussian with covarianég. tribution p(z:—1|Z;—1) of the previous time frame to pre-

The problem of using &aussian sumepresentation is  dict the new locations of the modes, followed by increasing
that simply establishing Gaussian components at the locathe covariances of the Gaussian components according to
tions of the modes is inaccurate especially if the modes arethe process noise. This amount of process noise is dictated
clustered. Doing this would result in a representation with by the accuracy of the dynamical model. This may also
only one mode per cluster, and therefore fail to capture thebe viewed as an approximation to the resuflt;|Z; ;) =
separate modes as desired. Consider the simplified examplg,, P(z¢|zt—1)p(zt—1|Z:—1), Wherep(z,|z¢—1) is a Gaus-
for two hypotheses in 1D state-space as shown in fig. 2(a).Sian centered on the new mode with covariance equal to the
If the hypotheses are directly considered the components irProcess noise covariance. Hergis assumed to be condi-

a Gaussian sum, the resulting pdf has only one mode. Thigionally independentof;_; .
is shown in fig. 2(b). In the experiments carried out for this paper, we did not

Instead we propose a Piecewise Gaussian (PWG) repreuse a trained or complex dynamical model. The dynamical
sentation where the probability densjiyz) at a pointz model employed is simply a naive constant velocity predic-
in the state-space is determined by the Gaussian componer@r, and consequently the process noise applied is very high
providing the largest contribution at ie. since the prediction is often grossly inaccurate.

1 - - .
p(x) =k max {Pi exp (—5(-’” —m;)" S (@ - mi)) } @ 3.3 Likelihood Computation

wherek is a normalization constant.

If for the previous example a PWG representation is use
instead as in figure 2(c), the modes of the pdf are preservedin order to model the likelihoogh(z|x;), we need to be
This is preferable since the representation would then beaple to compute the probability that the target figure, when
consistent with the local statistics determined for each hy- correctly represented by an SPM model with stateen-
pothesis. erates the image observatignin the current frame. This is

estimated via

p(zilme) o [ [ exp (— (I(w) = T(u, wt))2> 3)
u

d3.3.1 State Probabilities from Image Measurements

Y, N\ 202
S \
] whereu representimage pixel coordinatégy ) are the im-
(@) (b) (© age pixel values at, T'(u, x) are the overlapping template
pixel values at: when the SPM model has statg ando?
Figure 2. (a) shows two independently recov- is the pixel noise variance (this has to be known apriori or
ered modes of a probability distribution to- experimentally obtained). The product is then evaluated for
gether with local statistics. Using a Gaussian all pixels located within the boundaries of the figure.

sum approximation with components located
at the hypotheses would produce the distribu-

. . ) 3.3.2 Hypothesis Sampling
tion shown in (b), which has only one mode.

The modes and local variances are however pre- We first consider the case of sampling from a single trun-
served if a piecewise Gaussian approximation is cated Gaussian. This involves obtaining samples from the
used (c). original Gaussian distribution (eg. we used publicly avail-

able code based on [1]), followed by discarding the samples
which fall outside the truncation boundary. This may be
While it is possible that a good Gaussian sum approxi- continued until a satisfactory number of valid samples have
mation may be obtained via a complex fitting process (eg. been obtained.



The PWG distribution may be equivalently expressed as4 Experimental Results
a union of separate truncated Gaussians with aligned bor-
ders, where the borders denote points for which the proba- ¢ algorithm was tested on four sequences involving
bility values computed from either Gaussian component on 1o Astaire from the movie ‘Shall We Dance’. A 2D 19-
opposite sides of the border are the same (ie. there are ngyor spM model is manually initialized in the first image
probability discontinuities at the borders). Sampling from ¢ame after which tracking is fully automatic. Typically the
the PWG distribution may therefore be carried out with the jint probability distribution of the 19 model parameters are
following steps: described via 10 modes in a PWG representation.

In fig. 3, three key frames from an original sequence of
eighteen frames are shown, together with the results ob-
tained from using a single mode tracker. Here the stick
2. Obtain a single sample from the original Gaussian  figure denotes the current state of the tracker. It can be ob-

1. Select théth mode with probabilityy; from the set of
N modes.

distribution associated with théh mode. served that the tracker fails to cope with the ambiguity re-
) o _ ] ] sulting from self-occlusion when Fred Astaire’s legs cross.
3. If s lies within the boundaries of thiéh mode (iep(s) In fig. 4, the multiple modes of the tracker are shown in

satisfies (2)), accept the sample; otherwise rejectit.  he top row. The bottom row shows the dominant mode at
4. Return to step 1 until the required number of accepted €2ch frame, which isolely determined via minimum pixel

samples have been obtained. squared residual error_T_hls shows the ab!hty of the Fraqke_r

to handle the ambiguities of self-occlusion by maintaining

multiple modes, without even the need for a complex dy-
namical model. Results for other sequences may be found
Starting with the initial SPM model states obtained from in [6].
sampling the prior distributiom(z;|Z;_;), the states are However, the computational cost of using multiple
optimized locally in order to converge on the modes of the modes increases at least linearly with the number of modes.
likelihood p(z¢|z¢). This achieved by maximizing (3), or In the above case, the single-mode tracker completed the

3.3.3 State-Space Search for Likelihood Modes

equivalently by obtaining tracking sequence of 18 frames in about 18 seconds. The
10-mode tracker required approximately 2 minutes. Never-
arg min { Z (I(u) = T(u,z))” } theless the advantage gained from the stability of the tracker
r U is significantly more critical.

This is in fact identical to differential template registration ]

of the 2D SPM model whereby the sum of squared pixel 5 Previous Work

residuals is minimized. For this we employ the iterative

Gauss-Newton method, which has an advantage of simulta-  The first works on articulated 3D tracking were [17, 12].

neously recovering the local variances associated with theyamamoto and Koshikawa [27] were the first to apply mod-

modes. ern kinematic models and gradient-based optimization tech-
nigues, but their results were limited to 2D motion. Other
3.4 Deriving Posterior Distributions 3D tracking works include [22, 23, 11, 4]. The work of Ju

and et. al. [14] is perhaps the closest to our 2D SPM. Other

Computing the posterior density via (1) involves the mul- 2D figure tracking results can be found in [26].
tiplication of the prior densityp(x:|Z;—1) and likelihood Early applications of Kalman filters (KF) to rigid body
p(z¢|x:) functions, where both functions are represented tracking appearin[5, 25, 9]. Figure tracking schemes which
in PWG forms as described in the previous sections. Theuse the Kalman filter are discussed in [18, 15]. All of these
posterior density may be approximated by taking pairs of works employ the conventional unimodal KF. One excep-
modes from the prior and likelihood distributions and mul- tion is Shimada et. al. [24], in which a simple multiple
tiplying the Gaussians independently. This may be further hypothesis approach is used to handle reflective ambiguity
trimmed by selecting only the dominant posterior modes. under orthographic projection.

However in our experiments, the posterior density is  The first applications of classical multiple hypothesis
taken to be identical to the likelihood. This simplification is tracking techniques to computer vision problems appeared
acceptable because we used a simple constant velocity praén [8, 7]. An early survey of these techniques can be
dictor with correspondingly high process noise. The modesfound in [19]. Recently, Rasmussen and Hager [20] used
of the likelihood are the dominant factors in this case. If the joint probabilistic data association filter (JPDAF) [3] to
a superior predictor were available, better results could betrack multi-part objects, such as a face and hand. In con-
obtained by modeling the posterior density more accurately.trast to our MHT framework, the JPDAF approach uses a



Figure 3. Single Mode Tracking Results. Top row: three frames from the original sequence. Bottom row:
the single-hypothesis tracker fails to handle the self-occlusion caused by Fred Astaire’s legs crossing.

correspondence-based framework for generating hypothe- [5] T. Broida and R. Chellappa. Estimation of object motion pa-
ses. Each target is influenced by a linear combination of the rameters from noisy image$EEE Transactions on Pattern
resulting measurements. Analysis and Machine Intelligenc8:90-99, 1986.
[6] T.-J. Cham and J. M. Rehg. A multiple hypothesis frame-
work for figure tracking. Technical Report CRL 98/8, Com-

6 Conclusions and Future Work paq Computer Corp. Cambridge Research Lab., Cambridge
MA, July 1998.
We have introduced a novel multiple hypothesis track- [7] I.J. Coxand S. L. Hingorani. An efficientimplementation of
ing algorithm for complex targets with high dimensional Reid's Multiple Hypothesis Tracking algorithm and its eval-

uation for the purpose of visual trackingEE Transactions
on Pattern Analysis and Machine Intelligenck(2):138—
150, February 1996.

[8] I.J.Cox, J. M. Rehg, and S. Hingorami. A bayesian multiple

state spaces. The key insight is to represent and track the
modes in the posterior state density function. These modes
are likely to be sparse and separated for visually complex
targe.ts such as the human f_igl,Jre. Experimental results from hypothesis approach to edge grouping and contour segmen-
tracking one of .Fred Astaire’s dance sequences demon- tation. International Journal of Computer Visioi1(1):5—
strates the superior performance of our MHT approach over 24, 1993.

a standard Kalman filter. [9] J.L.Crowley, P. Stelmaszyk, T. Skordas, and P. Puget. Mea-
In future work we plan to extend our MHT framework to surement and integration of 3-D structures by tracking edge

handle self-occlusions and motion discontinuities in an ex- lines.International Journal of Computer VisipB(1):29-52,

plicit manner. We will also address the integration of figure 1992.

tracking with background modeling. [10] A. Dempster, N. Laird, and D. Rubin. Maximum-likelihood

from incomplete data via the EM algorithrdournal of the
Royal Statistical Society339:1-38, 1977.
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