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Abstract

Visual interface systems require object tracking techniques
with real-time performance for ubiquitous interaction. A
probabilistic framework for a visual tracking system which
robustly tracks targets in real-time using color and motion
aues is presented. The algorithm is based on particle filter-
ing techniques of the I-Condensation filter. An innovation
of the paper is the use of motion cues to guide the prop-
agation of particle samples which are being evaluated us-
ing color cues. This results in a probabilistic blob tracking
method which is shown to greatly outperform conventional
blob trackers when in the presence of occlusion and clut-
ler. A second innovation presented is the use of motion-
based temporal signatures for the visual recognition of an
initialization cue. This allows for passive initialization of
the tracking system. The application presented here is the
task of digital video annotation using a hand-held marking
device.

1 Introduction

Computer vision technologies offer a natural medium for
human-computer interfaces. People naturally tend to ex-
press themselves using gestures, expressions, and actions.
There have been extensive research initiatives addressing
the problem of real-time tracking for interface purposes.
However, most solutions have claimed success by employ-

- ing one of several simplification techniques: using a con-

strained and uncluttered environment [1], relaxing the real-
time constraint [2], or assuming that minimal occlusion will

- oceur [3, 4]. Unless highly constrained, all visual interfaces

will inevitably be faced with ambiguous data. This ambigu-
ity can result from the tracked object being temporarily oc-
cluded, agile target movement, or the target becoming cam-
ouflaged by clutter that is similar in appearance. A visual
interface system must have the ability to identify ambigu-
ous scenarios, and be able to re-acquire the true target once
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it becomes visible again. Our system is able to maintain
robustness even in the presence of ambiguity by employ-
ing two powerful tracking techniques. First, particle filter-
ing is used which represents the target posterior distribution
as a collection of weighted samples in state space. This is
a natural mechanism for maintaining multiple modes (hy-
potheses) and propagating the uncertainty over time. This
is a strength of the Condensation algorithm [5] compared to
conventional predictive filters such as the Kalman filter [6]
which are limited to uni-modal Gaussian posterior represen-
tations. Secondly, our system employs a motion detection
algorithm and uses it to redistribute a portion of the samples
into high-probability regions of state space using importance
sampling [7]. The sample weight represents the likelihood
of a particular sample being the true target location and is
calculated by comparing the image data to the a priori target
color model. The motion information is not used to gage the
likelihood of a sample, but rather it only identifies areas in
the state-space that should be investigated by samples. This
is an effective technique as targets are most commonly lost
during periods of movement, and this method allows the sys-
tem to investigate these regions of movement in a principled
Bayesian manner.

A second innovation of this paper is the implementation
of a passive initialization scheme for activating the interface
device. Vision-based interface devices are typically em-
ployed in office or classroom environments in which there
may exist extended periods of time between device usages.
During these periods of inactivity it is inappropriate to keep
the system in the continuous tracking mode, as this can
result in temporary misclassification of an individual sim-
ply passing through the field-of-view as being a target user.
Therefore, a method of initialization and activating the sys-
tem is required. Ideally this method should not require the
explicit intervention of the user by having them hit an activa-
tion key. Rather, a passive initialization strategy is presented
in this paper in which target individuals are recognized by
having them perform a simple pre-defined visual initializa-
tion cue which the system is tuned to detect via template



matching of temporal motion signatures.

The application presented here is the digital annotation
of video sequences. This is achieved through the real-
time visual tracking of a hand-held marker object, in this
case, a green ball. The user is able to annotate over top
of a video stream by moving the ball as they would a
marker on a piece of paper. By intentionally hiding the ball
within their hand, the user is able to temporarily halt the
annotation process, thus allowing for “pen-up” and “’pen-
down” capabilities. Our method is also capable of ad-
vanced marking features such as altering the appearance of
the annotations based on the target object velocity. Video
clips demonstrating the tracking technique are accessible at
http://www.uoguelph.ca/ dbullock/trackdemo.htm.

2 Initialization

Before target tracking can begin, the system must recognize
that an eligible target is in the field-of-view. Since most
vision-based interface devices will operate in office or class-
room environments, there must exist a means for differenti-
ating between individuals simply passing through the cam-
era’s field-of-view, and those who wish to use the system as
an interface tool. This is an initialization issue for which
three general solutions exist.

1. No Initialization: The tracking system is “on” at all
times and attempting to localize the target in the field-
of-view. This is problematic, particularly in systems
which rely on color-based tracking cues, as an individ-
ual passing through may be momentarily mistaken for
a target when the device is not in use.

2. Active Initialization: In this scenario, the tracking sys-
tem is explicitly told that an individual is present and
wishes to use the interface device. Most often this takes
the form of the user hitting an activation button.

3. Passive Initialization: In these systems the tracking al-
gorithm is activated by the system recognizing that an
individual is present and attempting to interface with
the device. Target recognition is achieved by visual
recognition of a pre-defined initialization cue. This re-
sults in a more transparent and easy-to-use device than
method (2).

The passive initialization cue used here is to have the user
hold the interface object (the colored ball) in front of them
while moving it in a circular pattern. Once this initialization
cue is recognized by the system, tracking can begin as out-
lined in section 4. Recognition of initialization cues is done
by template matching of temporal motion signatures, as will
be discussed in the following section.

2.1

Motion history images (MHI) as proposed in [8] are a me

of representing spatial and motion information in the fo

of an image. The brightness of a pixel is determined b
how recently there has been motion detected at that loct
tion. As shown in figure 1, pixels currently in motion a
pear white. Pixels in various shades of gray represent lock
tions which have detected movement in the recent past. Th
MHI shown in figure 1 shows a typical motion history i
age generated from the pre-defined initialization cue usedil
our experiments. This particular motion cue was selected

Motion History Images

Figure 1: The motion history image represents how recentl
motion was detected at each pixel location. Pixels currentl
in motion are shown as white, while pixels in motion in ih¢
recent past are shown in decaying shades of gray.

as it produces a distinct MHI not usually generated by ra
dom movements of individuals. Movement is detected using
Camus optical flow [9] which allows for real-time calcula-
tion of optical flow values. Please refer to section 4.3 ford
discussion on the general problems associated with opticl
flow methods, a justification for our selection of the Camus
method, and the deviations which we made from the originil
algorithm. The gradient of motion can be calculated from
the MHI using a simple Sobel gradient mask for convolu-
tion. While motion vectors are generated by the optical flow
algorithm itself, we desire a richer set of vectors spanning
the region which has seen movement in the recent past.

2.2 Temporal Signatures

Having produced a measure of recent movement in the spi
tial domain, we require a means of comparing these Ml
images to a known template for circular movement of 4
forward extended hand. We use a technique inspired by
[10] which is scale and translation invariant in detectingd
known action. The algorithm involves the definition of nin¢
overlapping spatial windows (as defined in [10]), in each of
which the distribution of motion vectors is calculated. Inor
der to make the technique translation invariant, the window
are centered around the calculated centroid of motion pik
els. In order to gain scale invariance, the windows are sizel
in order to cover the bounding box of recent motion. Asi
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done in [10] we use an angular resolution of 7 /6 radians
(12 bins) in each histogram. Within each window, motion
vectors are calculated at a sub-sampled resolution (we use
a% sub-sampling). The direction of the motion gradient is
found, and the appropriate bin in the motion histogram is
incremented. Once all of the windows have been processed,
the nine histograms are placed end-to-end to create a sin-
gle MHI motion histogram. Thus in our experiments, the
final histogram consists of 12x9=108 bins. In order to en-
sure true scale invariance and target speed invariance, we
normalize the histogram to consist of a total of 10,000 units
distributed across all of the 108 bins. This final motion his-
logram is known as the temporal signature. The temporal

signature corresponding to the circular movement of a for-
' ward extended hand (the initialization cue) is shown in fig-
ure 2.

Temporal Signature ~ CCW Cue

Figure 2: Calculated Temporal Signature: The above sig-
nature corresponds to the MHI of the counter-clockwise cir-
cular movement of a forward extended hand. The signature
18 ameans of representing the spatial distribution of motion
vector orientations.

23 Action Templates

In order to measure the likelihood of a particular action
presently being performed, the calculated temporal signa-
ture is compared to a set of pre-defined temporal signatures
ofknown actions. The actual comparison process is done via
~ asimple sum-of-absolute-differences calculation. This pro-
 duces a value which can be thresholded to give a likely/not-
 likely differentiation for an action being performed. The
- event detection threshold is determined empirically and is
dependent of the initialization cue selected. For the purposes
 of our system, only two actions are of significance: counter-
clockwise and clockwise circular hand movement. Building
these action templates is done by taking a sample of 10 tem-
poral signatures during a training phase. These temporal sig-
natures are then averaged to create a single action template
for each of the actions. This is done to reduce the effects of
- any statistical anomalies present in any one temporal signa-
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ture. To account for users who perform the initialization cue
at various speeds, a set of fast movements and a set of slow
movements was captured for each of the two pre-defined ac-
tions. Thus, a total of four temporal signature templates are
learned. Upon detection of a initialization cue, the system is
activated and tracking begins as outlined in section 4.

3 Predictive Filtering

Computation of the target posterior can be a difficult en-
deavor due to non-linearities of the likelihood function over
model parameters. These non-linearities result from oc-
clusion, one:many matching ambiguities, and camouflaging
clutter. Further complicating the representation of the poste-
rior is the non-linear dynamics of the temporal prior. Thus,
any assumption of uni-modality or Gaussian distributions in
the posterior distribution is not appropriate [5]. This is the
primary shortcoming of the Kalman filter. The need for a fil-
ter capable of multi-modal non-Gaussian distributions is the
motivation for representing the target posterior by a set of
weighted state space samples. These samples are then made
to propagate through time via the motion (temporal) model
and the observed image likelihoods. With a large enough
set of samples, this weighted particle set can be a fair rep-
resentation of the true target posterior. The seminal work
on the use of particle sampling in visual tracking was pre-
sented as the Condensation algorithm [5]. The algorithm
employs the Monte Carlo technique of factored sampling to
propagate a set of samples through state space in an efficient
manner. In our experiments, only the location of the target
is tracked through time, and thus, the state, s;, is represented
by a 2x1 vector of parameter assignments, s; = [y, y¢]. At
time step t-1, the posterior is represented by N state sam-
ples, each corresponding to a candidate location for the tar-
get and weighted according to their relative likelihood. This
likelihood is calculated by comparing the image data at the
location of s; with the a priori known color model of the
target, as will be discussed in section 4. This algorithm
makes use of Bayesian inference which allows for the in-
ferring the posterior state density p(X;|Z;) where X, is the
state and Z; is the image data. The prior, p(X;|Z;_1) is
inferred from predicting p(X;_1|Z; 1) though the motion
model p(X;|X;_1), and this is used as a basis for calculat-
ing the measurements (observations) p(Z;| X ), from which
the posterior is computed. To ease the computational re-
quirements, the posterior is only estimated up to an unknown
scale factor o as shown in (2). See [5] for a more detailed
explanation of this.

p(Z4| X4 )p(Xe| X 1)

p(Z:)
= ()p(Z:| X1)p(X¢| X¢—1)

p(Xi|Z;) = ()

2



The schedule of events in the Condensation algorithm at
each time step follows as shown below:

1. A new set of samples S; = [s1, S2, ..., Sn] is selected
from S;_1 using a sample-and-replace scheme with
preference given to samples with larger weightings.

2. Samples are propagated through state space using the
motion model. Typically this includes a deterministic
drift component and a random diffusion component as
we present in section 4.2.

3. Each sample in S; is then weighted using the likelihood
function and the data from image I;. This weighted
set of samples now represents the approximation of the
posterior at time ¢.

4. If discrete feedback is required the sample set S; can be
queried by one of many statistical operators including
maz(Sy), mean(St), median(S;), etc.

3.1 Importance Sampling

Under the standard implementation of the Condensation al-
gorithm, the population from which the sampled set St is
created, is the previous sample set S;_1. Thus, the portions
of state-space available for examination in a time-step are
limited before any measurements are made. With a good
approximation of the state distribution , and a large num-
ber of samples, this would not be problematic as even un-
likely locations in state-space would be examined as the
target state propagates over time. However, due to a finite
number of samples being used, the vast majority of all sam-
ples are likely to be concentrated near the most likely ob-
ject positions. Interestingly, this is both a potential major
flaw of the algorithm, and the source of why it can repre-
sent a high dimensional state-space with a small number
of samples [11]. This understanding prompted the devel-
opment of the I-Condensation algorithm [7] which uses im-
portance sampling to direct the search and redistribute parti-
cles from low-probability areas to high-probability regions.
Over time the output posterior distribution of the algorithm
may no longer accurately approximate the true state distri-
bution. This is particularly true in the case of temporary oc-
clusion of the target. In such situations some samples are re-
positioned into an area of the state-space that houses higher
target probabilities. Doing this requires that we use addi-
tional knowledge of the targets whereabouts, beyond that
of the posterior generated by S;_1. This is known as the
Monte Carlo technique of Importance Sampling [12]. Typ-
ically an importance sampling function represents a second
tracking modality (image cue), which complements the pri-
mary tracking modality by identifying potential targets that
the primary modality may have missed. Most importantly,

it can aid the primary tracking modality by focusing in
regions of high probability for the target. The importan
sampling function does not influence the calculation of s
ple likelihoods. Instead, it merely aids in positioning
samples into areas of state-space that may be high probabi
ity regions. In [7], importance sampling is used by havil
a blob tracker identify skin colored regions, and then fe
this information to a high level contour tracker which d
hand tracking. The conventional Bayesian approach to
sion of multiple image cues would be to combine meas
ments from the various modalities, and weight them accoté
ing to their inverse variances [7]. However, this is problen
atic as it assumes the statistical dependencies of the ima
cues are known and independent, which is rarely the case.

4 Method

The particle filtering framework described in section
was implemented as a probabilistic blob tracker in our e
periments. A conventional blob tracker works by scai
ning a search window centered at the previous blob centf
(2¢—1,yt—1). The new blob center location is then the aver
age of all pixel co-ordinates in the search window which sat
isfy an appearance criteria (often pixel intensity or color). In
our implementation, each particle sample in .S; is evaluated
and a probability of it being a part of the target is calculated
The probabilities are then used to assign the weightings 0
each sample particle. There is no need for a normalization
constant as the relative value of the weightings are all that
are of significance. A key difference between a conventiont
blob tracker and our probabilistic particle-based scheme, is
that ours has no explicit notion of the target location. Rathe
the target location can only be determined by evaluating one
of the statistical properties of the posterior (mean, median,
mode, etc.). To allow for visual feedback annotated on o)
of the video stream, the mean of S; is taken to be an approi:
imation of the target location at time ¢.

4.1 Observational Model

The observational model calculates the p(Z;|X;) likelt
hoods required for the sample weighting process in step‘F
(3) of the algorithm in section 3. The observational mod¢l
used is a probabilistic color-space definition. This is a color
model of the target known a priori and is the primary means
for segmenting the target from the background and clutter
The color model makes the assumption that the color spact|
of the target can be approximated by three Gaussian distri
butions. The color model is defined by 6 parameters: a meai:
and variance define the observational likelihood on eachaf
the 3 color channels (R,G,B). This results in a likelihood
function which returns a value in the range [0,1] given ti¢
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pixel R,G,B values. Figure 3 illustrates how the three Gaus-
sian distributions are used to calculate the fitness of specific
RGB values. In the example the RGB values (r=3, b=14,
2=30) produce a likelihood value of 0.373. The 6 values in
the color model are determined prior to running the tracker
by sampling a number of pixels within an area known to
house the target.

16 31 Réas
Fitness = (1.0)(0.81)(0.46)
=0373

Figure 3: The observational model is defined probabilisti-
cally in a R-G-B chromatic space. Each color channel is
 defined individually by a single Gaussian distribution. The
total fitness of a color value is the product of the individual
distribution scores, as shown above.

42 The Motion Model

The motion model is used to predict the new positions of
samples at each time step. The motion model used here is a
* simple one which is based on a deterministic drift and ran-
dom diffusion component. The deterministic drift compo-
- nentrepresents the assumption of constant velocity. The ran-
 dom diffusion component represents the target’s tendency to
make sudden changes in direction and velocity (as is often
- seen with hand gestures). The propagation of state variables
via the motion model is defined by equation (3):

3)

- Where v; ;_; denotes the sample velocity in pixels/frame of
8, and G(z,0) denotes a Gaussian distribution with zero
- mean and standard deviation o, evaluated at x. The value of
0 18 dependent on the physical characteristics of the target
- and camera/target layout and is determined empirically.

p(si,tls(i,t—l)) = G(8: — (s5¢—1 + Vi,t—1,0)

43 Using Motion Cues to Direct the Search

 The use of importance sampling is a deviation from step (1)
in the algorithm in section 3. A key innovation of this pa-
peris the use of motion cues to redistribute particle samples
which are being evaluated using color cues. The motion in-
formation would not be appropriate for use as the primary
tracking means since the target may remain still for large pe-
tiods of time. However, during periods of motion, it acts as
a valuable means of directing the search. Importance sam-
pling [12] is a Monte Carlo technique which we use for both
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initialization and re-acquisition of lost targets in this experi-
ment. Due to the tendency of targets to move suddenly and
rapidly in interface applications, the ability to quickly re-
acquire the target is of paramount importance. The impor-
tance sampling function used is based on a spatially sub-
sampled distribution of optical flow magnitude information.
The intuitive logic being that in interface applications the
target is most often lost during periods of motion, and thus,
motion cues should be used as the means of redistributing
samples to areas of high target probability.

The optical flow normal components are calculated us-
ing an adaptation of the technique outlined in [9] which pro-
duces sparse accurate optical flow information. The actual
flow vectors produced by this optical flow algorithm suf-
fers from the typical errors experienced by most optical flow
techniques; e.g. aperture, blank walls, non-dense measure-
ments, as well as some guess incorrectness. To achieve
dense measurements we threshold the flow vectors by an
estimate of flow error and subsequently apply a few itera-
tions of numerical methods derived Laplace’s equation. We
chiefly selected this optical flow technical for its fast per-
formance qualities, which is essential to real-time interface
devices. This produces an image map which is sub-sampled
with a % sample ratio. At this point, a mask can be applied
to negate pixels in motion which are not of the color range
of interest. From this map, a list of points is produced that
satisfies both the optical flow magnitude threshold limit and
which satisfy a loose RGB-color definition. This list is then
the candidate population for generating sample set particles
using importance sampling.

Since some color information has already been included
in the importance sampling function at this point, the algo-
rithm in [7] is simplified so that all particles in the sample-
with-replacement scheme are selected from either the prior
or the importance sampling candidate list. Experimentally it
was found that an appropriate division was to select 1 sam-
ple from the importance sampling list for every 9 samples
selected from the prior. At this point, regardless of how the
samples were generated (from the prior or importance sam-
pling) they are all evaluated and weighted using only the
color information specified in 4.1.

Figure 4: The visual interface device is shown above as a
tool for digitally annotating a wall map.



5 Experimental Results

The probabilistic tracking algorithm outlined in section
4 was employed in a real-time visual interface systems.
The demonstration application is the annotation of a video
stream in real-time using a hand-held marker (see figure 4).
In figure 4, and in similar figures throughout this paper, the
posterior estimate of the x and y target position is plotted on
the x and y axis of the image. Since the posterior is only
estimated up to an unknown scale factor, there is no mag-
nitude scale displayed for the plots. The sample population
size was 1000, as this level guaranteed an accurate posterior
representation, as well as allowing for 29 frames/second per-
formance. This trade-off between an accurate representation
and effective frame rate is shown in figure 5. As would be

Tracking Performance vs. Operating Speed

Frame Rate {fps)
258 S Nl 1

Performan

10 25 &0 78

100 500 800 1000 2500 5000

Sample Population

Figure 5: As the sample population increases, tracking per-
formance increases while the frame rate decreases. A max-
imum frame rate of 30fps is attainable with sample popula-
tions of less than 800.

expected, as the sample population increases, the effective
frame rate decreases and the quality of the tracking results
increases. To quantitatively measure tracking performance
an MPEG video file was created showing a user tracing a
known curve with the hand-held marker. At each time step
the deviation between the predicted target location and the
closest point on the true curve path was calculated. From
this, a Mean Track Deviation (MTD) value can be com-
puted by averaging the total deviation in pixels of the tracker
from the plotted course. Due to the stochastic nature of the
system, the same video sequence will not produce identical
tracking results in different runs of the tracker. Therefore,
the tracker was run ten times using the MPEG file as an
input at eight different sample population sizes. For each
population value, the average MTD value and the variance
of the MTD values was calculated. A desirable tracking sys-
tem will produce both accurate (low MTD) and repeatable
(low variance) results. Therefore, a Tracking Performance
Quotient (TPQ) was developed to metric the overall quanti-
tative performance. This TPQ value is defined in equation
(4) where MT D,y is the set of MTD values calculated for

a given population, pop.

1
Mean(MTDyop)V ariance(MT Dyop)

TPonp = (4)

The TPQ was calculated for each set of 10 trial runs ati
given sample population. In figure 5 it is shown that the
effective frame rate is 29fps for sample populations of les
than 1000. At a sample population of 1000 the mean MTD
value was 7.60 pixels/frame and the variance of the MID
values was 0.0019 pixels. These represent acceptable per
formance values for basic video annotation tasks and as az
sult the recommended population size in our system is 100
particles. A high frame rate is vital in this application &
it constrains the maximum pixels/frame velocity of the ta:
get, and thus affects the temporal models Gaussian varianct,
Compared to other stochastic particle trackers [2, 5], a sam:
ple population of 1000 is a relatively small number. We be:
lieve the ability of the system to accurately track the targl
in the presence of clutter and occlusion, with a small num-
ber of samples, is largely a result of the use of motion cues
to focus the search to regions of high probability in stafe:
space. The focusing ability of these motion cues allows the
tracker to investigate a smaller sub-set of state-space thal
would normally be required for proper posterior estimatiol.

5.1 Video Annotation

Our interface system for video annotation is a simple o,
In order to annotate over top of the video stream the ust
makes the ball visible to the camera. To temporarily hall
the marking process (i.e. to indicate pen-up) , the uset
hides the ball by enclosing his hand around it (see figue
6). When the tracker recognizes that it has no strong lock i
the target location, the annotation is stopped until the target
is re-acquired. The color of the annotated graphic is deter
mined by the estimated velocity of the target. This interface|
could easily be extended to allow additional marker prop|
erties (annotation size, style, etc.) to be defined by add|
tional target properties (distance from camera, acceleration,
etc.). Determining whether a strong lock is present is done.
by evaluating the variance of the calculated posteriors. If thei
variance is below the T'strong threshold, then it is assumedj
that a strong lock is present. This relates to the notion that
a large posterior variance indicates an element of ambiguity;;
On screen, a strong target lock is denoted by a dark cross ()
over the target location, while a weak lock is denoted by anx
over the target location (see figure 6). The system makesn
differentiation between the situation in which the user inten-l
tionally occludes the ball by covering it and the situationif
which the ball is temporarily occluded by another phenont
ena (e.g. leaves field of view, occlusion by arm). In eaclx—:
scenario, the marking process is halted since a determinatiol




Figure 6: Intentional Occlusion: This sequence shows the
telationship between target visibility and posterior vari-
ance.

of target location can not be made within a satisfactory level
of certainty. The color properties of the observational model
were learned prior to the annotation sequence by sampling
- adistribution of points that were known to be on the ball
_ inthe video stream. As stated in section 4.2, the temporal
model employed used a random Gaussian diffusion element,
coupled with a constant velocity assumption.

52 Results

The performance of the video annotation system was
promising. At all times when the marker was made visible
the tracking system properly locked on to it. The system also
proved exceptionally resilient to occlusion, even when the
- larget changed direction during occlusion and reappeared at
alocation far from its initial point of occlusion. This is due
to the use of motion cues in the importance sampling func-
tion which removes complete dependence on assumptions
of velocity and trajectory.

As expected, during periods of occlusion, the posterior
diffused until unambiguous data could be used to strengthen
one of the hypotheses. This is clearly shown in the video se-
quence in figure 7. This sequence shows the target initially
visible (i), then hidden behind a book (ii), and then reap-
pearing on the other side of the book after having changed
direction (iv). The white cross represents the performance of
~ aconventional blob tracker (discussed in section 4) and the
dark cross represents our tracking system feedback. Both
. trackers perform similarly when the ball is initially visible
(i). However, the conventional blob tracker is unable to deal
with the occlusion and permanently loses the target after it
- disappears (iii). Once the ball begins to reappear, motion
- cues divert a portion of the samples to investigate the source
- of the motion (iv). When it is observed that the pixels in mo-
: tion match the observational model well, the corresponding
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Figure 7: Recovery from Occlusion: This image sequence
shows the ability of our tracker to recover from occlusion.
A conventional blob tracker is displayed as a white cross,
while our tracker is shown as a dark cross.

hypothesis begins to strengthen.

As stated in 5.1, the annotation function attempts to de-
termine when the target is visible by the variance of the pos-
terior. The relationship between visibility and posterior vari-
ance is illustrated in figure 6. When the ball is clearly visible
(i), the posterior is a single mode distribution with a small
variance. As diffusion begins (ii) the posterior begins to dif-
fuse to a wider region, although a definitive peak is still ob-
servable. Once fully occluded (iii) the posterior has diffused
to a large region. This produces a posterior variance signifi-
cantly larger than that of a visible target. As the ball begins
to reappear, the posterior once again converges to the true
target location and the variance decreases. The T'strong
threshold value which determines the cut-off between a vis-
ible and non-visible target is application dependent and can
be determined empirically. For instance, an application in
which the target is placed further from the camera will gen-
erally produce smaller posterior variances since the target
appears smaller in the image.

As stated in section 3, a motivation for using particle
filtering is the ability to represent multi-modal posteriors.
Multi-modal posteriors typically arise when the observation
model is simultaneously attracted to multiple objects in the
image. Such a scenario is illustrated in figure 8 in which the
green ball and the green cup on the desk both fit the color-
specific observational model. This is reflected in both the x
and y posteriors which clearly show a distinct peak for each
of the objects. Differentiating between objects similar in ap-
pearance is dependent on secondary cues (such as the mo-
tion information described in section 4.3 and the temporal
model). Therefore, despite the observational model being
attracted to both of the objects, the true target peak remains
dominant since it is being reinforced by the importance sam-
pling motion information.



Figure 8: Since the observational model is attracted to the
target color, multi-modal posteriors can emerge when back-
ground objects (the green cup) are of similar color to that
of the target. Since motion cues are used to focus the tar-
get localization, the dominant peak of the posterior remains
focused on the true target.

5.3 Accuracy and Repeatability

As discussed in section 5, the stochastic nature of the sys-
tem results in multiple instances of the tracking system not
returning the exact same target trajectory. However, our
system has been shown to produce a low standard devia-
tion of results, and thus, is highly repeatable. To verify
this, the average standard deviation of the target state was
calculated when 5 trackers were run simultaneously on an
MPEG-video clip. The data was organized to present the
state variance versus the calculated target velocity. As ex-
pected, a larger target velocity produced a greater target vari-
ance between the trackers. However, even an exceptionally
fast moving target (55+ pixels/frame) produced a low stan-
dard deviation ( 2 pixels) of tracker outputs when using 1000
samples.

The most common source of failure for the tracking sys-
tem is due to a change in environmental conditions which
renders the observational model faulty. This is largely due
to changes in lighting which cause the tuned response of
the likelihood calculations to be attracted to objects not of
the known target color. A possible solution to this prob-
lem that is being investigated is to define the observational
model color space using the HSV (Hue Saturation Value) in-
dex or in terms of normalized red and green channels, where
R— (r+TTb) and G = (r—+g+—b). This would make the likeli-
hood calculations more robust to shadows and environmen-
tal changes.

6 Conclusion

This paper presents a real-time implementation of a visual
interface system. The system is demonstrated to perform
well as a video annotation tool using a small hand-held
marker. Color cues and motion cues were demonstrated to
be a natural complement to one another for visual interface
devices. This is due to the fact that trackers most commonly

lose their tracked target during periods of motion and
clusion. The failure rate of the system is near-zero as
tracker at no point loses track of a visible target, and alwa
re-acquired the target within a few frames of its reappe
ance. Further work is presently being done which is explo
ing the automatic calculation of a color-space definition f
the observational model, as at present this is done prior tof
tracking process. The framework presented here can easil
be extended to a more complex interface which utilizes
greater number of image cues.
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