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Abstract

Surveillance and tracking systems often observe the
same scene over extended time periods. When object mo-
tion is constrained by the scene (for instance, cars on roads,
or pedestrians on sidewalks), it is advantageous to char-
acterize and use scene-specific and location-specific pri-
ors to aid the tracking algorithm. This paper develops and
demonstrates a method for creating priors for tracking that
are conditioned on the current location of the object in the
scene. These priors can be naturally incorporated in a num-
ber of tracking algorithms to make tracking more efficient
and more accurate. We present a novel method to sample
from these priors and show performance improvements (in
both efficiency and accuracy) for two different tracking al-
gorithms in two different problem domains.

1. Introduction

When a camera observes the same scene over a long pe-
riod of time, and when objects within that scene have some
consistency in the way they move, then a tracking algorithm
can use these regularities to improve performance. This
paper presents an initial approach to characterizing object
motion within a scene, and using this as a prior to improve
tracking.

It is well known that an accurate transition distribution
is an important part of a tracking algorithm. Specifying a
transition distribution requires domain knowledge or many
training examples. In applications in which a camera ob-
serves the same scene for a long time many examples of
object transitions are available. We use these previous ob-
servations to learn object transition distributions and we fo-
cus on the fact that these distributions often depend on the
location of the object in the scene (See Figure 1).

In this work we show two improvements possible when
using location-specific transition distributions: improved
prediction accuracy and increased computational efficiency.
The improved prediction accuracy is possible because
the location-specific distributions can incorporate location-

tions. The arrows and ellipses (top) represent the mean object
translation and translation uncertainty conditioned upon the ob-
ject starting in the corresponding box at bottom. In this work, we
show how these distributions can be used to improve tracking al-
gorithms.

specific biases, such as a stop sign in a traffic scene. The
computational efficiency gains are the result of the differ-
ence between the variances of the transition distributions
in different image regions. These differences make it pos-
sible to expend far less computational effort because it is
easy to track an object through an image region with a low
variance transition distribution. In sampling-based track-
ing algorithms, the computational effort is directly related
to the number of samples the algorithm uses. We modify a
sampling-based tracking algorithm by replacing a standard
sampling scheme that uses a fixed number of samples with
one that adapts the number of samples based on the transi-
tion distribution and the measurement model.

We show results in two important domains: tracking ve-
hicles for surveillance applications and tracking faces for
human-computer interaction applications. In the vehicle
tracking domain the location dependence of object transi-



tions is strong because motions are constrained by traffic
laws. In the face-tracking domain the location-dependence
is less strong but, as we will show, location-dependence is
present and beneficial. As an example of the benefits, our
results show that, when using a location-specific distribu-
tion, 60% fewer samples are required to obtain the same
accuracy as when using a location-independent (global) dis-
tribution.

2. Related Work

Tracking is a rich domain, encompassing research in fil-
tering, prediction, measurement models, and local align-
ment procedures. Our work builds on classical probabilistic
tracking with a focus on learning priors from a scene and
adapting the dynamics of the tracking algorithm. We be-
lieve the most related work is as follows.

There is a large body of work on learning motion patterns
and motion priors from observed object transitions. Here
we describe representative works [7, 4] from each of these
areas. North and Blake [7] use an EM-algorithm to learn
a transition distribution for tracking. The motion priors are
shown to improve the accuracy of tracking and to enable
classification of discrete object states. Hu et al. describe
a system [4] for learning motion patterns in a scene from
trajectories generated by an object tracker. The patterns are
then used to classify individual trajectories as anomalous
and to predict future object trajectories from partial trajec-
tories.

The use of location-specific models of pixel intensities
in static camera scenes, commonly referred to as back-
ground modeling, is well known. In addition, location-
specific models of object shape [5] and spatio-temporal
derivatives [8] have been used to improve object detection
and anomalous motion detection.

In the context of mobile robot localization, Fox [3]
chooses the number of particles to satisfy a bound on the
Kullback-Leibler divergence between the sample set and a
grid-based approximation of the true distribution. This ap-
proach works well in the two-dimensional robot localiza-
tion problem but becomes expensive as the dimensionality
of the state space grows. In the domain of tracking, Zhou et
al. [11] adapt the number of samples based on the particle
prediction error.

To our knowledge, ours is the first work to use location-
specific object transition distributions in a static camera
tracking application.

3. Object Tracking Background

We begin with a description of the sequential Bayesian
tracking framework. Given an object with a sequence of
states {xy, k € N} governed by a state transition function
xx = f(zr—_1,vr—1) and a corresponding measurement se-

quence {z; = h(x,ng), k € N}, where vg_1, ny, are noise
terms, our goal is to estimate the current state x; given only
the current and previous measurements {z1,...,2:}. In
the Bayesian tracking framework, our goal is to construct a
probability density function (pdf) p(z¢|z1.+) to specify our
belief in the current state x; given only the previous mea-
surements z1.;. Assuming the existence of an initial state
estimate p(zo|29) = p(zo) the desired pdf can be estimated
in a two stage process.

In the first stage, the current belief p(x;—_1|z1.4—1) is
propagated forward using the Chapman-Kolmogorov equa-
tion:

p(e]z1a1) = / p(@elze )P |11 ) da

in which p(z|z;_1) is a transition distribution that repre-
sents the uncertainty in the next state given the current state.

In the second stage, the predicted pdf p(z¢|2z1.4—1) is up-
dated with the current measurement z; using Bayes’ rule to
obtain the posterior pdf

p(xe|2z1:4) o p(Zt|33t)p($t\Z1;t—1)~

The measurement models we use consist of a local align-
ment procedure, such as Lucas-Kanade [6, 1] or mean-shift
tracking [2], that attempts to align the object representation,
such as a bitmap template, to the current image. A common
characteristic of these algorithms is the need to specify a
starting location for the alignment procedure. We address
this by sampling starting locations from the predicted pdf
p(x¢|z1.4—1). Section 5 discusses our approach to adapting
the number of samples based on the shape of the basin of
attraction of the alignment procedure.

This paper considers the use of location-specific tran-
sition distributions p(z¢|z;—1) for tracking. We leave
location-specific measurement models p(z;|z;) for future
work.

4. Location-Specific Transition Distributions

Many scenes have structure, such as roads and side-
walks, that significantly constrains the way objects move.
In video of these types of scenes, the motion of objects is
similarly constrained. Tracking algorithms can learn these
constraints, in the form of statistical transition distributions,
by watching the scene for a long time. This section formally
describes, provides an example of, and discusses issues re-
lated to the learning and use of location-specific transition
distributions.

The transition distributions used in most tracking appli-
cations are spatially uniform, the most common form being
linear-Gaussian:

p(@t1]me) = N(@ppa|Foe + p, 2. (1)



In this form, F' is the process matrix, p is a bias term, and
represents the uncertainty in the prediction. Often these pa-
rameters are manually specified, but given sufficient train-
ing examples it is easy to solve for the maximum-likelihood
set of parameters.

In this work we extend Equation 1 by learning different
parameters for different image regions. This gives a transi-
tion distribution with the following locally linear-Gaussian
form:

p(@ig1le) = N(@a |[F(@)ze + plae), S(ze)). (2)

The process matrix F'(x;), process bias p(z), and the co-
variance matrix 3(z;) are dependent on the current state.
Although the process parameters can depend arbitrarily on
the current object state, in this work we focus on the spe-
cial case of depending exclusively on the object’s image lo-
cation. There are many possible ways of representing this
conditional pdf, for efficiency and simplicity we divide the
image into regularly-spaced bins and learn a parameter set
for each bin. Our results demonstrate that this simple con-
ditional pdf structure and training procedure works well in
practice.

4.1. An Example: Interest Point Tracker

We begin with a concrete example of the structure and
usefulness of location-specific transition distributions. Our
interest point tracker works as follows: First locate inter-
est points [9] in a temporal difference image, then pre-
dict the location of the interest points in the next frame,
and finally locate the points using Lucas-Kanade [6, 1].
This gives a set of tracked interest points that correspond
to regions of the image that have changed recently. Us-
ing these interest points we learn two transition distribu-
tions p(@441, Yt1|Tt, y1): one global (Equation 1) and one
location-specific (Equation 2), which predict the next loca-
tion given the current location.

The state space used in this tracker is the z, y position of
the interest point. Figure 2 shows the mean translation and
the covariance ellipses for the motion of an interest point in
a video of an urban traffic scene. As the figure shows, the
uncertainty in the next state distributions is much lower for
the local model than the global model.

In Section 6.1, we use these transition distributions
to demonstrate the accuracy improvements possible using
these distributions. The results show that the local predic-
tions are better than the global predictions, which are bet-
ter than a static prediction (i.e., the tracker is initialized in
the same location). In Section 6.2 we show how location-
specific transition distributions are helpful in the case of
tracking faces in an affine state space.

(b) Locally linear-Gaussian transition distribution

Figure 2. A visualization of the transition distribution for an in-
terest point tracker. The dots (blue) represent the current location
of the interest point. The lines (green) represent the mean transla-
tion of the interest point, and the ellipses represent the three stan-
dard deviation equi-probability ellipse of the distribution. (a) The
global linear-Gaussian distribution has higher uncertainty. (b) The
local distribution has lower uncertainty and more realistic transla-
tions.

4.2. Discussion

The accuracy and computational efficiency gains pos-
sible from location-specific transition distributions depend
on a number of factors. The most significant factor is the
amount of location dependence of the transition distribu-
tion. Other factors include the object state space and the
measurement model.

As the dimensionality of the state space increases, the
performance gains possible with location-specific distribu-
tions typically increase. Including higher-order terms such
as velocity can reduce the magnitude of performance gains.
In general, having a physically-accurate state space and dy-
namics model reduces the benefit of a location-specific tran-
sition distribution. However, in most scenes there will be
structure that locally impacts the transition distribution that
cannot be modeled without significant human effort or can-
not be inferred easily from image data.

One benefit of location-specific models that we have left
unexplored in this work is in object initialization, espe-
cially for state spaces with higher-order terms. For example,
learning a location-specific state distribution can reduce the



problem of determining the velocity of an object when it
appears. This improvement would be significant in scenes
with many new objects that appear (e.g., traffic scenes).

One concern in learning a location-specific model com-
pared to a global model is the increased number of train-
ing examples required to avoid overfitting. In applications
such as surveillance, where there are many training exam-
ples the need for additional training examples is less of a
concern. In our shorter videos, usually 10 minutes long, we
address this by including a small number of examples from
other parts on the image in the training set along with the
location-specific examples. This reduces the chance that a
few incorrect examples in one bin will result in a very inac-
curate distribution.

In most tracking algorithms, the computational effi-
ciency gains from using more specific transition distribu-
tions come from modifying the number of samples the al-
gorithm uses based on the uncertainty in the next object
state. In the next section we describe a deterministic sam-
pling technique that determines the number and location of
samples based on the transition distribution and measure-
ment model.

5. A Deterministic Method for Varying the
Number of Samples

The number of samples used in a tracker has a direct im-
pact on its computational efficiency. Tracking algorithms
that use a fixed number of samples often expend excess ef-
fort when tracking is easy (the transition distribution is nar-
row) and insufficient effort when tracking is hard (the transi-
tion distribution is broad). We show an automatic technique
for determining the samples to use, both the number and
location, given the transition distribution. This technique
benefits from the fact that location-specific transition distri-
butions are more accurate than global distributions on many
scenes.

The correct number of samples also depends on the state
space and the measurement model—in our case, a local
alignment procedure. The alignment procedures we use
start from an initial point in state space and attempt to con-
verge to a local minima. Given a local minima, the set of
starting points for which the alignment procedure converges
to the local minima is called a basin of attraction. We label
two points as indistinguishable if they are in the same basin
of attraction. The key observation is that samples do not
need to be so close together that they are indistinguishable.

We approximate the basin of attraction by using the lo-
cal alignment procedure on example objects from the scene.
We start with a correctly-aligned template, perturb it by
sampling from the transition distribution, and then run the
alignment procedure. We then determine if the resultant
template is correctly aligned by comparing it to the original

template (e.g., by comparing the image space distance be-
tween the templates). Given this set of points we fit a zero-
mean Gaussian to the correctly-aligned starting points. Our
approximation of the basin of attraction is the largest equi-
probibilitity ellipse of the Gaussian such that 98% of the
samples inside the ellipse converged correctly.

Using the basin of attraction ellipsoid we generate well-
spaced samples deterministically. The basic idea, illustrated
in Figure 3, is to tile the high-probability region of the tran-
sition distribution with the capture ellipsoid.

The procedure for generating samples deterministically
is as follows:

1. Transform the state space so that the capture ellipsoid
becomes a unit circle.

2. Generate evenly-spaced samples on an axis aligned
with the data distribution. Discard sample points that
are outside the three standard deviation ellipse of the
transformed transition distribution.

3. Undo the transformation to obtain well-spaced sam-
ples in the original state space.

This sampling scheme incorporates both the uncertainty
in the transition distribution and the ability of the local
alignment procedure to find the correct position to reduce
the number of samples.

6. Experimental Results

The results demonstrate that using location-specific tran-
sition distributions is useful in several ways for improving
the performance and accuracy of tracking algorithms.

6.1. Prediction Accuracy

In this section, we compare the accuracy of different
transition distributions using the interest point tracker de-
scribed in Section 4.1. We conducted these experiments on
video from several urban traffic scenes', each 10 fps and ap-
proximately 10 minutes long. The model parameters were
learned from the first five minutes of the video, and the dif-
ferent distributions were tested over the remainder. In this
experiment, the starting point of the Lucas-Kanade proce-
dure used was the mean of the distribution.

The results in Figure 4 show that the location-specific
transition distribution (Equation 2) is more accurate than a
global distribution (Equation 1). The location-specific tran-
sition distribution enables the tracker to handle larger ob-
ject motions, caused by faster moving objects and/or lower
frame rates. With the global distribution the predicted start-
ing point is often outside the basin of attraction of the cor-
rect position.

Videos are courtesy of the Federal Highway Administration’s Next
Generation Simulation program: http://ngsim.camsys.com/.
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Figure 3. An illustration of the deterministic process, described in Section 5, for generating samples (the centers of the small ellipses in the
rightmost sub-figure). In each sub-figure, the small (blue) ellipses represent the basin of attraction of a sample and the large (red) ellipse is
the three standard deviation ellipse of the transition distribution, and the (red) dots are samples from the data distribution.
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Figure 4. Plots of prediction error, average distance between pre-
dicted interest point location and actual location, computed from
two different videos at differing frame rates for three methods of
prediction: no prediction, global-model prediction, and location-
specific model prediction (square, diamond, and circle). These
figures show that location-specific models improve the prediction
accuracy significantly, especially at lower frame rates.

Number of samples

Figure 5. A plot of the average frequency of convergence (AFC)
when using different numbers of starting samples. Increasing the
number of starting samples improves the chances of converging to
the correct position at the cost of increased computation. When
samples are drawn from the location-specific distributions rather
than global distributions, the same accuracy can be achieved with
fewer samples.

6.2. Impact of Changing the Number of Samples

In this section, we explore the relationship between the
number of initial samples and the accuracy of the tracker.

Our results demonstrate that using initial samples drawn
from location-specific distributions rather than global distri-
butions reduces the number of tracking failures by approx-
imately 20%. We also show that our deterministic adap-
tive sampling algorithm (described in Section 5) further
improves the tracking accuracy. Figure 6 shows samples
generated for different transition distributions and sampling
schemes.

In these experiments, we compare the performance of
the two transition distributions on the task of face tracking
using an affine state space. We evaluate each the distribu-
tions on a video of a person using a computer. To create a
ground truth for our evaluation, we captured and tracked [1]
the video at 60 fps, hand-verified the high-frame-rate track-
ing results, and then downsampled the video to 10 fps.

We performed our evaluations as follows. For each
frame we initialized the tracker using the output of a face
detector [10] and then searched for the best alignment of
this template in the subsequent frame. In the case of mul-
tiple initial samples, we solved for the locally optimal tem-
plate alignment for each sample independently and then
selected the alignment with the lowest root mean squared
error. We then compared the output of the tracker to the
ground truth position to determine if the algorithm con-
verged to the correct location.

In the first experiment, we compare the accuracy of the
global and location-specific transition distributions for vary-
ing number of initial samples. As a quantitative measure of
tracking performance, we compute the average frequency
of convergence (AFC), defined as the number of frames that
converged to the correct location divided by the total num-
ber of frames evaluated. In Figure 5, we show the AFC of
the two sampling methods for varying numbers of starting
samples, ranging from 1 to 30.

Our results show that when samples are drawn from the
location-specific distributions rather than global distribu-
tions, there is a measurable improvement in tracking perfor-
mance. For a fixed number of samples, the use of location-
specific transition distributions results in up to 20% fewer
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Figure 6. Examples of different sampling methods. The blue box shows the position of the face in the previous frame. The green box shows
the ground truth position in the current frame. The yellow boxes show the multiple initial guesses used to initialize the tracker. In this
frame, the face is located at a position where large movements were more common. Notice that samples chosen from the global distribution
(a) are more tightly centered around the previous position, while the samples drawn from the location-specific distribution (b,c) are more

spread out, improving the likelihood of capturing large movements.

tracking failures. Alternatively, we see that using location-
specific distributions provides the same accuracy as the
global distribution while using far fewer samples. As an
example, to obtain an accuracy of 96% using the location-
specific distribution requires seven samples but when using
the global distribution 25 samples are required.

As a second experiment, we used the dataset and tracker
from the first experiment but replaced the random sampler
with the deterministic adaptive sampling scheme described
in Section 5. The training set for learning the basin of at-
traction contains 70,000 starting states generated from faces
detected on 700 different frames. The algorithm uses the
learned basin of attraction and adapts the number of sam-
ples based on the location-specific variance of the transition
distribution. On average, the algorithm generated 3.9 sam-
ples per frame. The result is an accuracy improvement of
9% over the random sampling strategy that used four sam-
ples per frame using the same transition distribution. The
accuracy improvement is the result of allocating more sam-
ples to periods when the transition distribution has higher
variance.

7. Conclusion

In video of scenes with structure that constrains typical
object motions, location-specific transition distributions can
be used to improve tracking algorithms. We show accu-
racy and performance improvements possible when using
such distributions. We also describe a deterministic sam-
pling method that varies the number of samples based on
the transition distribution and the measurement model.
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