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Abstract. We presert a new approach to modeling and processingmul-
timedia data. This approach is basedon graphical models that combine
audio and video variables. We demonstrate it by developing a new al-
gorithm for tracking a moving object in a cluttered, noisy sceneusing
two microphones and a camera. Our model uses unobserved variables
to describe the data in terms of the processthat generatesthem. It is
therefore able to capture and exploit the statistical structure of the audio
and video data separately, as well as their mutual dependencies.Model
parameters are learned from data via an EM algorithm, and automatic
calibration is performed as part of this procedure. Tracking is done by
Bayesianinference of the object location from data. We demonstrate suc-
cessfulperformance on multimedia clips captured in real world scenarios
using o -the-shelf equipment.

1 Intro duction

In most systemsthat handle digital media, audio and video data are treated
separately Sud systemsusually have subsystemsthat are specialized for the
di erent modalities and are optimized for each modality separately Combining
the two modalities is performed at a higher level. This processgenerally requires
scenario-degndert treatment, including preciseand often manual calibration.
For example, consider a system that tracks moving objects. Such a system
may usevideo data, captured by a camera,to track the spatial location of the
object basedon its continually shifting image. If the object emits sound, such
a system may use audio data, captured by a microphone pair (or array), to
track the object location using the time delay of arrival of the audio signals at
the dierent microphones.In principle, however, a tracker that exploits both
modalities may achieve better performancethan one which exploits either one
or the other. The reasonis that ead modality may compensatefor weaknesses
of the other one. Thus, whereasa tracker using only video data may mistake
the badkground for the object or losethe object altogether due to occlusion, a
tracker using also audio data could contin ue focusing on the object by following
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Fig. 1. (Top) audio waveform. (Middle) selectedframesfrom assciated video sequence
(120 160 pixels?). (Bottom) posterior probabilit y over time delay (vertical axis, 2

f 15;:::;15g) for eath frame of the sequencedarker areasrepresert higher probabilit y,

and eadch frame has been separately normalized. The horizontal direction represerts

time along the sequence.

its soundpattern. Conversely video data could help wherean audio tracker alone
may losethe object asit stopsemitting soundor is masked by badkground noise.
More generally, audio and video signals originating from the same sourcetend
to be correlated | thusto achieve optimal performancea system must exploit
not just the statistics of ead modality alone, but also the correlations among
the two modalities.

The setup and exampledata in Fig. 1 illustrate this point. The gure shows
an audio-visual capture system (left), an audio waveform captured by one of
the microphones(top right), and a few frames captured by the camera(middle
right). The frames contain a personmoving in front of a cluttered badkground
that includes other people. The audio waveform contains the subject's speeh
but also somebadkground noise,including other people'sspeed. The audio and
video signals are correlated on various levels. The lip movemert of the speaker
is correlated with the amplitude of part of the audio signal (see,e.qg., [4]). Also,
the time delay betweenthe signalsarriving at the microphonesis correlated with
the position of the personin the image (see,e.g., [9],[10]). It is the latter type
of correlations that we aim for in this paper.

Howewer, in order to use these correlations, a careful calibration procedure
much be performed to establish a correspondencebetween the spatial shift in
the image and the relative time delay between the microphone signals. Such
a procedure needsto be repeated for eadh new setup con guration. This is a
seriousshortcoming of current audio-visual trackers.

The origin of this dicult y is that relevant featuresin the problem are not
directly obsenable. The audio signal propagating from the speaker is usually cor-
rupted by reverberation and multipath e ects and by badground noise, making
it dicult to identify the time delay. The video stream is cluttered by objects
other than the spealker, often causinga tracker to losethe speaker. Furthermore,
audio-visual correlations usually exist only intermittently. This paper preseris
a new framework for fusing audio and video data. In this framework, which is
based on probabilisitic generative modeling, we construct a model describing
the joint statistical characteristics of the audio-video data. Correlations between
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the two modalities can then be exploited in a systematic manner. We demon-
strate the general concept by deriving a new algorithm for audio-visual object
tracking. An important feature of this algorithm, which illustrates the power of
our framework, is that calibration is performed automatically as a by-product
of learning with the algorithm; no special calibration procedureis needed.We
demonstrate successfuperformance on multimedia clips captured in real world
scenarios.

2 Probabilistic Generativ e Mo deling

Our framework usesprobabilistic generative models (also termed graphical mod-
els) to describe the obsened data. The models are termed generative, sincethey
describe the obsened data in terms of the processthat generatedthem, using ad-
ditional variablesthat are not obsenable. The models are termed probabilistic,
becauserather than describing signals, they describe probability distributions
over signals. Thesetwo properties combine to create exible and powerful mod-
els. The models are also termed graphical since they have a useful graphical
represenation, aswe shall seebelow.

The obsened audio signals are generated by the speaker's original signal,
which arrivesat microphone 2 with a time delay relative to microphone 1. The
speaker's signal and the time delay are unobsened variablesin our model. Sim-
ilarly, the video signal is generated by the speaker's original image, which is
shifted asthe speaker's spatial location changes.Thus, the speaker's image and
location are also unobsened variablesin our model. The presenceof unobsened
(hidden) variables is typical of probabilistic generative models and constitutes
one sourceof their power and exibilit .

The delay betweenthe signals captured by the microphonesis re ectiv e of
the object's position, ascan be seenin Fig. 1 wherewe show the delay estimated
by signal decorrelation (bottom right). Whereasan estimate of the delay canin
principle be usedto estimate of the object position, in practice the computation
of the delay is typically not very accuratein situations with low signal strength,
and is quite sensitive to badground noiseand reverberation. The object position
can also be estimated by analyzing the video data, in which caseproblems can
be caused by the badckground clutter and change in object's appearance.In
this paper, we combine both estimators in a principled manner using a single
probabilistic model.

Probabilistic generative models have seweral important advantages which
make them ideal for our purpose.First, sincethey explicitty model the actual
sourcesof variabilit y in the problem, suc as object appearanceand badkground
noise, the resulting algorithm turns out to be quite robust. Second, using a
probabilistic framework leadsto a solution by an estimation algorithm which is
Bayes-optimal. Third, parameter estimation and object tracking are both per-
formed e cien tly using the expectation-maximization (EM) algorithm.

Within the probabilistic modeling framework, the problem of calibration be-
comesthe problem of estimating the parametric dependenceof the time delay
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on the object position. It turns out that these parameters are estimated auto-
matically as part of our EM algorithm, and no special treatment is required.
Hence,we assumeno prior calibration of the system, and no manual initializa-
tion in the rst frame (e.g., de ning the template or the cortours of the object
to be tracked). This is in contrast with previous researt in this area, which
typically requires specic and calibrated con gurations, asin [10],[3]. We note
in particular the method of [9] which, while using a probabilistic approad, still
requires cortour initialization in video and the knowledge of the microphone
baseline, camera focal length, as well as the various thresholds usedin visual
feature extraction.

Throughout this paper, the only information our model is allowed to use
beforeor during the tracking is the raw data itself. The EM algorithm described
below learnsfrom the data the object's appearanceparameters,the microphone
attenuations, the mapping from the object position in the video framesto the
time delay betweenthe audio waveforms, and the sensornoiseparametersfor all
Sensors.

3 A Probabilistic Generativ e Mo del For Audio-Video
Data

Wenow turn to the technical description of our model. We beginwith a model for
the audio data, represerted by the sound pressurewaveform at eady microphone
for eadh frame. Next, we describe a model for the video data, represenied by a
vector of pixel intensities for ead frame. We then fusethe two model by linking
the time delay betweenthe audio signalsto the spatial location of the object's
image.

3.1 Audio model

We model the audio signalsxy, X, received at microphones1, 2 asfollows. First,
ead signal is chopped into equal length segmers termed frames The frame
length is determined by the frame rate of the video. Hence, 30 video frames per
secondtranslates into 1=30 secondlong audio frames. Each audio frame is a
vector with ertries x1,, X2n corresponding to the signal valuesat time point n.

X1, X2 are described in terms of an original audio signal a. We assumethat
a is attenuated by a factor ; on its way to microphonei = 1;2, and that it is
received at microphone 2 with a delay of time points relative to microphone 1,

X1in = 1@n ,
Xon = 285 1)

We further assumethat a is contaminated by additive sensomoisewith precision
matrices 1, ». Toaccourt for the variabilit y of that signal, it is described by a
mixture model. Denoting the componert label by r, ead componert has mean
zero,aprecisionmatrix ,, and aprior probability .. Viewing it in the frequency
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Fig. 2. Graphical model for the audio data.

domain, the precision matrix correspondsto the inverseof the spectral template
for eadh componert. Hence,we have

p(r)= «;
p(ajr)=N(@jo; );
p(x1ja)= N(X1j 13 1),
p(xzja; )= N(x2j 2L & 2); (2)

where L denotesthe temporal shift operator, i.e., (L a), = a5, . The prior
probability for a delay is assumed at, p( ) = const. A similar model was
usedin [2] to perform noiseremoval from speed signals.In that paper, the joint
p(a;r) sened as a speed model with a relatively large number of componerts,
which was pre-trained on a large clean speed dataset. Here, p(a;r) hasonly a
few componerts and its parameters are learned from audio-video data as part
of the full model.

A note about notation. N (xj ; ) denotesa Gaussiandistribution over
the random vector x with mean and precision matrix (de ned asthe inverse
covariance matrix)

I oy 3

N(Xxj; )l exp >

Fig. 2 displays a graphical represenation of the audio model. As usual with

graphical models (see,e.qg., [8]), a graph consistsof nodesand edges.A shaded
circle node correspondsto an obsened variable, an open circle node corresponds
to an unobsened variable, and a squarenode correspondsto a model parameter.
An edge(directed arrow) correspondsto a probabilistic conditional dependence
of the node at the arrow's head on the node at its tail.

A probabilistic graphical model has a generative interpretation: accordingto
the model in Fig. 2, the processof generating the obsened microphone signals
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(7]

Fig. 3. Graphical model for the video data.

starts with picking a spectral componert r with probability p(r), followed by
drawing a signal a from the Gaussianp(aj r). Separately a time delay is also
picked. The signalsxq, X, are then drawn from the undelayed Gaussianp(x; j a)
and the delayed Gaussianp(xz j a; ), respectively.

3.2 Video model

In analogy with the audio frames, we model the video frames as follows. Denote
the obsened frame by y, which is a vector with ertries y, corresponding to the
intensity of pixel n. This vector is described in terms of an original imagev that
has beenshifted by | = (lx;ly) pixels in the x and y directions, respectively,

Yn=Vn 1, (4)

and has been further contaminated by additive noise with precision matrix

To account for the variability in the original image, v is modeled by a mixture
model. Denoting its componert label by s, eacd component is a Gaussianwith
mean s and precision matrix s, and has a prior probability . The means
serne as image templates. Hence,we have

p(s) = s,
p(vjs)= N(Vj s s);
plyjvil) = N(yjGyv; ); )

where G, denotesthe shift operator, i.e. (G|v), = v, |. The prior probability
for a shift | is assumed at, p(l) = const. This model was usedin [5] for video
basedobject tracking and stabilization.

Fig. 3 displays a graphical represenation of the video model. Lik e the audio
model, our video model has a generative interpretation. According to the model
in Fig. 3, the processof generating the obsened image starts with picking an
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appearancecomponert s from the distribution p(s) = s, followed by drawing
a image v from the Gaussianp(v j s). The image is represerted as a vector of
pixel intensities, where the elemers of the diagonal precision matrix de ne the
level of con dence in those intensities. Separately a discrete shift | is picked.
The imagey is then drawn from the shifted Gaussianp(y j v;1).

Notice the symmetry betweenthe audio and video models. In eadh model,
the original signal is hidden and described by a mixture model. In the video
model the templates describe the image, and in the audio model the templates
describe the spectrum. In ead model, the data are obtained by shifting the
original signal, where in the video model the shift is spatial and in the audio
model the shift is temporal. Finally, in eadh model the shifted signalis corrupted
by additive noise.

3.3 Fusing Audio and Video

Our task now is to fuse the audio and video models into a single probabilistic
graphical model. One road to fusion exploits the fact that the relative time
delay betweenthe microphonesignalsis directly related to the object position
I. This is the road we take in this paper. In particular, as the distance of the
object from the sensorsetup becomesmuch larger than the distance between
the microphones,which is the casein our experiments, becomedinear in |. We
therefore use a linear mapping to approximate this dependence,and model the
approximation error by a zero mean Gaussianwith precision

PCID=NCJ I+ A+ 5 ) (6)

Note that in our setup (seeFig. 1), the mapping involves only the horizontal
position, asthe vertical movemert hasa signi cantly smallera ect on the signal
delay due to the horizontal alignmert of the microphones(i.e., ° 0). The
link formed by Eg. (6) fusesthe two modelsinto a single one, whosegraphical
represertation is displayed in Fig. 4.

4 Parameter Estimation and Object Tracking

Here we outline the derivation of an EM algorithm for the graphical model in
Fig. 4. As usual with hidden variable models, this is an iterativ e algorithm.
The E-step of ead iteration updatesthe posterior distribution over the hidden
variables conditioned on the data. The M-step updates parameter estimates.

We start with the joint distribution over all model variables, the obsened
onesxi; Xo;y and the hidden onesa; ;r;v;l;s. As Fig. 4 shaws, this distribution
factorizes as

P(X1;X2;y58; srivilisj ) = p(xaja) p(xzja; )p(ajr)
p(r) p(y jvil) p(vijs) p(s) p( jl)p(l): (7)
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Frame: n=1... N

Fig. 4. Graphical model for the joint audio-video data. The dotted rectangle denotes
i.i.d. frames and has the following meaning: everything it encompassesj.e., all model
variables, has value that is frame dependent; everything it leavesout, i.e., the model
parameters, is frame independert.

This is the product of the joint distributions de ned by the audio and video
models and their link. The model parametersare

=f 22 n0 s s s S gl (8)

Ultimately , we are interested in tracking the object basedon the data, i.e.,

obtaining a position estimate f' at ead frame. In the framework of probabilistic

modeling, one computes more than just a single value of |. Rather, the full

posterior distribution over | given the data, p(l j X1;X2;y), for eah frame, is
computed. This distribution provides the most likely position value via

f= argmaxp(l j x1ix2;y) ; 9)

as well as a measureof how con dent the model is of that value. It can also
handle situations where the position is ambiguous by exhibiting more than one
mode. An example is when the spealer is occluded by either of two objects.
Howevwer, in our experiments the position posterior is always unimodal.

4.1 E-step

Generally, the posterior over the hiddensis computed from the model distribu-

tion by Bayes'rule,

p(xl;xZ;y;.a; .;F;'V;|;SJ ) ; (10)
P(X1;X2;y ) )

where p(X1;X2;y j ) is obtained from the model distribution by marginalizing
overthe hiddens.In our model, it canbe showvn that the posterior hasa factorized

p(a; ;r;vilisjxiixoy; )=
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form, asdoesthe model distribution (7). To describe it, we switch to a notation
that usesq to denote a posterior distribution conditioned on the data. Hence,

p(a; ;rivilisjxaxzyy; )=d(@j ;r)avjl;s)a( jhadlr;s): (11)

This factorized form follows from our model. The g notation omits the data, as
well asthe parameters.Hence,q(aj ;r) = p(aj ;r;x1;Xz;y; ), and soon.

The functional forms of the posterior componerts g also follow from the
model distribution. As our model is constructed from Gaussiancomponerts tied
together by discretevariables, it canbe shown that the audio posteriorq(aj ;r)
and the video posterior g(v j I;s) are both Gaussian,

Q(aj ;r):N(aj a;r; ?);
avilis)=N(Vj Vs §): (12)

The means 2., Y and precisions ?, ¢ are straightforward to compute; note
that the precisionsdo not depend on the shift variables ;l. One particularly
simple way to obtain them is to consider (11) and obsene that its logarithm
satis es

logp(a; ;r;v;lisjXaixzay; ) = logp(Xi;xz2;y;a; ;rivil;sj )+ const: (13)

where the constart is independent of the hiddens. Due to the nature of our
model, this logarithm is quadratic in a and v. To nd the mean of the posterior
over v, set the gradient of the log probability w.r.t. v to zero. The precisionis
then given by the negative Hessian,and we have

() MsstGy);
= ¢+ (14)

\%
I;

< v

Equations for the mean and precision of the posterior over a are obtained in a
similar fashion.

Another componert of the posterior is the conditional probability table q( |
) =p( jl;X1;X2;y; ), which turns out to be

aC i/ pCiNexp( 121 2(7) *c); (15)

where

X
c = X1nX2:n+ (16)
n

is the cross-correlationbetweenthe microphone signals x; and x,. Finally, the
last componert of the posterior is the probability table q(l;r;s), whoseform is
omitted.

The calculation of g( j I) involvesa minor but somewhatsubtle point. Since
throughout the paper we work in discrete time, the the delay in our model
is generally regarded as a discrete variable. In particular, q( j I) is a discrete
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probability table. However, for reasonsof mathematical corvenience,the model
distribution p( jI) (6) treats as continuous. Hence, the posterior g( j I)
computed by our algorithm is, strictly speaking, an approximation, asthe true
posterior in this model must also treat  as cortinuous. It turns out that this
approximation is of the variational type (for a review of variational approxima-
tions see,e.g., [8]). To derive it rigorously one proceedsas follows. First, write
down the form of the approximate posterior as a sum of delta functions,

X
a ih= & n); 17)

n

where the |, are spacedone time point apart. The coe cien ts g, are non-
negative and sum up to one, and their dependenceon | is initially unspeci-
ed. Next, compute the g, (1) by minimizing the Kullback-Leibler (KL) distance
between the approximate posterior and the true posterior. This producesthe
optimal approximate posterior out of all possibleposteriors which satisfy the re-
striction (17). In this paper we write g( j I) rather than g, () to keepnotation
simple.

4.2 M-step

The M-step performs updates of the model parameters (8). The update rules
are derived, as usual, by consideringthe objective function

F ()= Hogp(xi;xz;yia; ;rvilisj )i (18)

known as the averaged complete data likelihood. We use the notation hi to
denote averaging w.r.t. the posterior (11) over all hidden variables that do not
appear on the left hand side and, in addition, averaging over all frames. Hence,
F is essetially the log-probability of our model for eat frame, where values
for the hidden variablesare lled in by the posterior distribution for that frame,
followed by summing over frames. Each parameter update rule is obtained by
setting the derivative of F w.r.t. that parameterto zero.
For the video model parameters s, s, s we have

P

= h | CI(|;S) Ysi .
) p M(s) '
po hoalis)( s P+ as)( i)t
® ho(s)i ’
s = (s)i ; (19)

where the g's are computed by appropriate marginalizations over q(l;r;s) from
the E-step. Notice that here, the notation hi implies only averageover frames.
Update rules for the audio model parameters ., | are obtained in a similar
fashion.
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For the audio-video link parameters , we have, assumingfor simplicity
0— 0’
_Hy i hihgi
H2i  Hyi®
=hi Hyi
1= 2 4+ 292 4+ 242 Hei 2 hiki 2 hi; (20)

where in addition to averaging over frames, h i here implies averaging for eath
frame w.r.t. q( ;1) for that frame, which is obtained by marginalizing q( j
Nq(l;r;s) overr;s.

A note about complexit y. According to Eq. (19), computing the mean
( s)n for eadh pixel n requires summing over all possiblespatial shifts |. Since
the number of possible shifts equalsthe number of pixels, this seemsto imply
that the complexity of our algorithm is quadratic in the number of pixels N.
If that were the case,a standard N = 120 160 pixel array would render the
computation practically intractable. However, as pointed out in [6], a more care-
ful examination of Eq. (19), in combination with Eq. (14), shows that it can
be written in the form of an inverse FFT. Consequetly, the actual complexity
is not O(N?) but rather O(N logN). This result, which extends to the corre-
sponding quartities in the audio model, signi cantly increasesthe e ciency of
the EM algorithm.

4.3 Tracking

Tracking is performed as part of the E-step using (9), where p(l j X1;X2;Y) is
computed from g( ;1) above by marginalization. For eat frame, the mode of
this posterior distribution represers the most likely object position, and the
width of the mode a degreeof uncertainty in this inference.

5 Results

We tested the tracking algorithm on seweral audio-video sequencesaptured by
the setup in Fig. 1 consisting of low-cost, 0 the shelf equipmert. The video
capture rate was 15 frames per second,and the audio was digitized at a sam-
pling rate of 16kHz. This meansthat ead frame contained one160 120image
frame and two 1066 sampleslong audio frames. No model parameters were set
by hand, and no initialization wasrequired; the only input to the algorithm was
the raw data. The algorithm was consisterily able to estimate the time delay of
arrival and the object position while learning all the model parameters, includ-
ing the calibration (audio-video link) parameters. The processingspeed of our
Matlab implementation was about 50 frames per secondper iteration of EM.
Convergencewas generally achieved within just 10 iterations.

We presert the results on two sequenceghat had substartial background
audio noiseand visual distractions. In Fig. 5, we comparethe results of tracking
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Fig. 5. Tracking results for the audio only (rst row), audio-video (secondrow), and
video only (third row) models. Each row consists of the inference for Ix (bottom), and
selected frames from the video sequence(top), positioned in time according to the
vertical dotted lines. Note that while the subject moves horizontally, the bottom row
of eah plot depicts Ix inference on its vertical axis for clarity. The area enclosedby the
white dots, or between the white lines in the caseof the audio only model (rst row),
represerts the region(s) occupying the overwhelming majorit y of the probabilit y mass
for the inferred object location.

using the audio only model (Fig. 2), full audio-videomodel (Fig. 4), and the video
only model (Fig. 3) on the multimo dal data cortaining a moving and talking
personwith a strong distraction consisting of another two people chatting and
moving in the background (seeFig. 1). For tracking using the audio only model,
alink between and | wasadded(whoseparameterswere computed separately)
to allow computing the posterior (). The left two columnsin Fig. 5 show the
learnedimagetemplate and the variancemap. (For the audio model, theseimages
are left blank.) Note that the model observing only the video (third main row)
failed to focus on the foreground object and learned a blurred template instead.
The inferred position stayed largely at and occasionally switched as the model
was never able to decidewhat to focus on. This is indicated in the gure both
by the white dot in the appropriate position in the frames and in the position
plot (see gure caption). The model observing only the audio data (rst main
row) provided a very noisy estimate of Ix. As indicated by the white vertical
lines, no estimate of I, could be obtained, due to the horizontal alignmert of the
microphones.

The full audio-visual model (secondmain row) learned the template for the
foreground model and the variance map that captures the variability in the
person's appearancedue to the non-translational head motion and movemerts
of the book. The learnedlinear mapping betweenthe position and delay variables
is shawn just below the template variance map. The tracker stays on the object
even during the silent periods, regardlessof the high badground audio noise,
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_EM a( ) q(lx)
iteration

2

10

Fig. 6. Learning the combined model with EM iterations. (Left) uncertainty in repre-
serted by the posterior distribution q( ), with darker areasrepreserting more certainty

rior distribution q(Ix), similar shading. The four rows correspond to the inference after
2 (top), 3, 4 and 10 (bottom) iterations, by which point the algorithm has converged.
In particular note how the nal uncertainty in is a considerable improvemert over
that obtained by the correlation basedresult shown in Fig. 1.

Ty

A

“ed &

Fig. 7. Tracking results on a data set with signi cant visual noise.

and as can be seenform the position plot, the tracker had inferred a smooth
trajectory with high certainty, without needfor temporal Itering.

In Fig. 6 weillustrate the parameter estimation processby showing the pro-
gressiwe improvemert in the audio-visual tracking through seweral EM iterations.
Upon random initialization, both the time delay and location estimatesare very
noisy. These estimates consisterily improve as the iterations proceed,and even
though the audio part never becomedully con dent in its delay estimate, mostly
due to reverberation e ects, it still helpsthe video part achieve near certainty
by the tenth iteration. In Fig. 7, we show another example of tracking using the
full audio-video model on the data with strong visual distractions. One might
note the step-like trends in the position plots in both cases,which really does
follow the stepping patterns in the walk of the subjects.
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6 Conclusions and Future Work

In this paper we have preseried a new approac to building models for joint
audio and video data. This approadc has produced a new algorithm for object
tracking, which is basedon a graphical model that combines audio and video
variablesin a systematic fashion. The model parametersare learnedfrom a mul-
timedia sequenceausing an EM algorithm. The object trajectory is then inferred
from the data via Bayes' rule. Unlik e other methods which require precisecal-
ibration to coordinate the audio and video, our algorithm performs calibration
automatically as part of EM.

Beyond self calibration, our tracker di ers from the state of the art in two
other important aspects. First, the tracking paradigm does not assumeincre-
mental changein object location, which makesthe algorithm robust to sudden
movemernts. At the sametime, the estimated trajectories are smooth as the
model has ample opportunity to explain noise and distractions using data fea-
tures other than the position itself. This illustrates the power of modeling the
medanism that generatesthe data.

Second,the paradigm can be extendedin seweral ways. Multi-ob ject situa-
tions may be handled by replicating our single object model. Suc casegypically
involve occlusion, which may be approaced using models suc as the one pro-
posedin [7]. Multi-ob ject situations also posethe problem of interfering sound
from multiple sources.This aspect of the problem may be handled by source
separation algorithms of the type dewveloped in [1]. Sucdh models may be incor-
porated into the present framework and facilitate handling richer multimedia
scenarios.
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