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Abstract. This paper is about tracking people in real-time as they move
through the non-overlapping fields of view of multiple video cameras.
The paper builds upon existing methods for tracking moving objects in
a single camera. The key extension is the use of a stochastic transition
matrix to describe people’s observed patterns of motion both within and
between fields of view. The parameters of the model for a particular
environment are learnt simply by observing a person moving about in
that environment. No knowledge of the environment or the configuration
of the cameras is required.

1 Introduction

Tracking moving objects as they are observed by a video camera is a much re-
searched problem in computer vision. Although it is far from solved, there is
a variety of existing systems that work quite reliably under certain well docu-
mented conditions. A thorough review is beyond the scope of this paper, but
some examples are Boujou1, which tracks point features, Condensation [8] and
its variants, which track image contours, and mean-shift methods [2] which track
colours. Other tracking systems are specialised to tracking people [1] or certain
objects whose shape is known in advance [5].

Many applications, however, demand tracking over a wider area than can be
covered by a single camera. For instance, a building may be monitored by a net-
work of surveillance cameras, and ideally a person would be tracked consistently
as they move between them [3]. One solution is implement blanket coverage of
the building, so that every part of it is visible to at least one camera. If the
cameras are calibrated, and the structure of the environment is known, then
people will pass from one camera’s field of view (FOV) to another at known
locations, which act as trigger points for handing over tracking from one cam-
era to the next. This however is impractical for an environment of any size or
complexity, due to the number of cameras required and physical constraints on
their placement.

1 www.2d3.com

G.I. Webb and Xinghuo Yu (Eds.): AI 2004, LNAI 3339, pp. 160–170, 2004.
c© Springer-Verlag Berlin Heidelberg 2004



A Stochastic Approach to Tracking Objects Across Multiple Cameras 161

Tracking algorithms will therefore have to deal with “blind spots” where a
person is not visible to any camera if they are to operate on a network of cameras
monitoring a complex environment. Most tracking algorithms in the computer
vision literature are not well suited to this task, because typically they rely on
the assumption of smooth motion, using previously observed velocity to predict
the future location of their target. An example of this is the Kalman filter [14],
and various types of particle filter [8, 4], which are more robust than the Kalman
filter to sudden changes but are based on the same underlying assumption. When
tracking an object between non-overlapping fields of view, its motion is almost
guaranteed not to be smooth. For instance, a person may disappear from the
right side of one FOV and then reappear after some time at the top of another
FOV, depending on how the cameras are positioned.

This problem has become increasingly apparent in recent years, and has been
the subject of some recent research in computer vision. Kettnaker [10] presents
a Bayesian approach to tracking objects through FOVs that do not overlap.
However this system requires a set of allowable paths, and a set of transition
probabilities and their expected duration, to be supplied a priori. This effectively
requires that the environment is known in advance, along with the ways in which
people move about in it, and the positions of the cameras. In many surveillance
applications, this information is difficult or impossible to obtain.

A traffic monitoring system using cameras situated about 2 miles apart along
a highway is described in [7, 11]. Cars are identified as they enter each camera’s
field of view based on both their appearance and positional information from
views through which they have previously passed. The surveillance of traffic
is well suited to cameras with non-overlapping FOVs, because traffic generally
follows well defined paths which extend over long distances.

Recently, work has been carried out on tracking people or objects with
more general motion between non-overlapping camera FOVs. This has been ap-
proached as a problem of learning the probability of transitions between fields of
view from corresponding tracks (e.g. see [9]). However, the correspondence be-
tween tracks in different images must be supplied a priori, as training data. Ellis
et al. [6] do not require correspondences, instead observing motion over a long
period of time and recording each appearance and disappearance. All possible
pairings between appearance and disappearance are accumulated in a histogram,
and those which occur most consistently are considered the true transitions.

In this paper we describe a system for tracking objects across the FOVs of
cameras that do not overlap. The system does not require any knowledge of the
cameras’ placement or calibration, nor does it need to know anything about the
environment it is monitoring. It works by learning a Markov model describing
the paths taken by a marker as it is carried around in the environment.

The structure of this paper is as follows. In Section 2, we review a single
camera tracking technique which we use as part of our multiple camera tracker.
In Section 3, we introduce the Markov model we use to model the motion of
objects within and between cameras, and describe how this model is trained for
a particular camera setup and environment. Following this the Markov model
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is combined with the single view tracker to form our multiple view tracking
algorithm, described in Section 4. Some illustrative results of the tracker are
then presented in Section 5.

2 Tracking Objects with Background Subtraction

Our method for tracking people across multiple cameras is built on an existing
technique for tracking within a single camera’s field of view. In particular, we
implemented the multimodal background subtraction algorithm of Stauffer and
Grimson [13].

Background subtraction is a method for object detection that maintains a
model of the colour of the background at each pixel; in [13], the model is a mix-
ture of Gaussians. In each frame of video, the likelihood of the current colour of
each pixel is computed according to its background model. Based on this likeli-
hood, each pixel is classified as foreground or background. Foreground pixels are
those which are not well explained by the background model, and are therefore
likely to be interesting objects to track. Clusters of foreground pixels are grouped
into objects which can then be tracked as a whole. Stauffer et al. use a Kalman
filter to track these objects across frames.

The problem with a Kalman filter is that motion observed in previous frames
is used to predict the motion in the current frame. This assumption holds for an
object moving smoothly in a single camera’s field of view, in an uncluttered envi-
ronment. However as objects move between camera FOVs, there will inevitably
be a discontinuity in their observed motion. Even within a single FOV, if the tar-
get object moves behind an obstacle which hides it from view and then reappears
at another point in the image, its observed motion is no longer continuous.

We therefore need a tracking algorithm that can cope with discontinuities
in order to extend this method to track objects across multiple FOVs. Our
algorithm is based on a Markov model, which is introduced in the next section.

3 The Markov Model

We model the movement of each object as a Markov process. A Markov process
(or model) is one which at time t can be in any one of N states S = {s1...sN}.
The way it progresses between these states is governed by:

– an N dimensional initial state probability vector π, and
– a stochastic N × N transition matrix A, whose (i, j)th element defines the

probability of moving from state si to sj .

To cast our tracking system as a Markov model, each camera’s field of view
is divided evenly into G × G pixel squares, each of which is associated with a
state. The square in which the object currently appears is the current state of
the model.

In this context, each element Aij of the transition matrix defines the proba-
bility that the object moves from the image region associated with state Si at
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frame t to that associated with state Sj at frame t + 1 (A is stationary). Each
coefficient πi denotes the probability that an object appears for the first time in
the region associated with Si.

This is a very general model of motion, allowing an object to move instantly
from any part of any camera FOV to any other. Of course in practice objects
do not behave this way. The transition matrix and the initialisation vector need
to be assigned values that reflect the way people or objects actually move in the
environment under observation.

3.1 Training the Markov Model

We learn appropriate values for A and π from a series of observations. The
observations are generated by a person carrying an easily identifiable marker as
they move around in the environment. The marker (we used a bright red soccer
ball, see Figure 1) is used to ensure the person is tracked reliably, even when
there is more than one person moving about in the environment. This was found
to be more practical than the alternative, which was to clear the environment
of other people and track a single person as they move about.

The marker is tracked simply by finding the image patch whose redness rel-
ative to its usual background colour is the highest. If no image patch appears
significantly redder than usual, it is assumed that the marker is not currently
visible. In practice, this turned out to be very reliable in our rather beige office
environment. The training program was left to run in the background for hours
on end, without picking up false tracks.

Fig. 1. Training the Markov model. Each 80 by 80 pixel square is assigned a state.
Each transition of the red ball between states (the image regions bordered by grid
lines, shown here in green) is recorded

To learn values for A and π, we use a simple occurrence counting method. For
each frame, as the marker moves between states Si and Sj in the camera views,
the value of Aij is incremented. Similarly, each time a new track is initialised
in state Si, the corresponding value πi is incremented. Training does not have
to be carried out continuously. It was common during experimentation to train
the model for a few minutes and then save the current values of A and π, to be
loaded up and further refined later on. To prevent A from being dominated by
entries in its leading diagonal, which correspond to the marker remaining in the
same state, Aii is not incremented if the marker is detected in the same state
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Si in consecutive frames. Aii is incremented, however, if the object appears in
state Si, then disappears for one or more frames, and then reappears in state Si.
After training, A is normalised so that each row sums to 1. π is also normalised
so that its entries sum to 1.

This method is analogous to the well known Baum-Welch algorithm [12] for
Hidden Markov Models (HMMs), when the states are not hidden (i.e. one can
derive the current state of the model from the current observation). The removal
of the level of inference that “hides” the states from the observations means that
considerably less training data is required for our Markov model than would be
needed for the equivalent HMM.

4 Object Tracking

We now apply the Markov model described in the previous section to the results
of the object detection method described in Section 2. Recall that having located
foreground pixels and connected them to form objects, we have some number
of objects detected in the field of view of each camera. These objects are now
matched with corresponding objects detected in the previous frame of video.

In practice, it was useful to use Kalman filters as a first pass tracking mecha-
nism. The Kalman filter and the Markov model are complementary, in the sense
that the Kalman filter, having a continuous state vector, is better suited to re-
solving short tracks between frames, whereas the Markov model, having discrete
states of G×G pixels, is better at tracking fast motion or motion that the Kalman
filter cannot predict. Thus the Kalman filter will usually pick up objects that
have moved slowly and smoothly within the field of view of a single camera, while
the remaining objects are then matched using the Markov model, as follows.

First, the current state SC of each unmatched object is computed by working
out the location of its centre. We then consider all objects that disappeared
between 2 and K frames ago as candidate matches. The object that disappeared
in the location whose state SD maximises the transition probability ADC is
matched with the currently visible object. If the maximum value of ADC is less
than the probability that a new track has begun in this location, πC , the object
remains unmatched and is labelled as being previously unseen.

The set of matches that maximise each individual probability may not be
the set of matches that maximises the combined probability of all matches.
Whenever the probabilities of multiple appearances are maximised by the same
disappearance, the matching process is repeated assigning that disappearance
to each appearance in turn. The assignment which maximises the combined
probability is retained.

5 Results and Observations

We consider a modest network of 3 cameras, all attached to the same desktop
PC. The approximate layout of the cameras is shown in Figure 2. Each camera
delivers a 320 × 240 video stream at about 15 frames per second.
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Fig. 2. Top: Camera network layout. Cameras 1 and 3 are on my desk, pointing at
right angles to each other. Camera 2 is positioned above the door looking down the
corridor outside my office. Bottom: View from cameras 1, 2 and 3

The Markov model was trained sporadically over a period of weeks using the
method described in Section 3.1, by the authors and other volunteers carrying
the ball around in the office and the corridor outside. The same model parameters
were used for all experiments described in this paper. Each state in our model is
associated with an 80 × 80 square of pixels, meaning that there is a total of 12
states per camera and 36 states overall. Fortunately, motion in our environment
is quite constrained, so although the transition matrix contains 36 × 36 entries,
far fewer than that need to be learnt.

Our first set of experiments involves tracking a single person (“Person A”)
as he moves through this environment, within and between the cameras’ fields
of view. The sequence of movements is as follows: Person A gets out of his desk
chair, then moves right to left through the field of view of camera 1 (Fig 3(a)) to
the far side of the office, in the field of view of camera 3 (Fig 3(b)). Not satisfied
with this, he then leaves the office and walks down the corridor to an adjacent
office. This takes him through the field of view of camera 2, from bottom to
top (Fig 3(c),(f),(g)). He then re-enters the office and returns to his chair. This
path takes him through the fields of view of all cameras and several blind spots
between them.

While this is taking place other people are walking along the corridor outside
the office (Fig 3(d),(e)). The main challenges in this experiment are to correctly
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 3. Snapshots (in order of time) from tracking experiment 1. Each snapshot consists
of the video frame (top) and the tracking result (bottom). The subject is successfully
tracked through all camera views despite the presence of distractions. Passers-by in the
corridor ((d) and (e)), are identified as different people (marked with different colour
bounding box), while the subject is identified consistently across all views (same colour)
despite disappearing and reappearing several times

link each reappearance of Person A with his disappearance from the previous
view, and to track each passerby in the corridor while recognising that each one
is the appearance of a new, previously unseen person.

Snapshots of the experiment are shown in Figure 3, in order of time. In
each snapshot, the image captured by the relevant camera is shown above the
results of the object detection and tracking algorithm. The white pixels in these
results are those classified as foreground. Rectangles are drawn around those
groups of foreground pixels that are detected as objects and matched to objects
in a previous frame. Each object is identified by the colour of its surrounding
rectangle. From these results it can be seen that Person A (yellow rectangle) is
successfully tracked between views as he moves about in his environment. An
example is shown of passers-by who are tracked in the corridor, while Person A
is still in his office. The track is successfully maintained for both person A and
this passerby.



A Stochastic Approach to Tracking Objects Across Multiple Cameras 167

(a) (b) (c) (d) (e)

Fig. 4. Snapshots from tracking experiment 2, involving 2 people crossing in the office
doorway, out of view of the cameras. The tracks are correctly maintained

A second experiment involves 2 people moving in opposite directions through
the camera FOVs. Person A moves from his desk, out of the office and into the
corridor. Meanwhile person B moves from an adjacent office, down the corridor
and into the office of person A. Persons A and B cross over at the doorway
to the office, which is not visible to any camera. The tracker therefore relies
on the Markov model to make the correct decision when person A appears
in camera 3 and person B appears in camera 2 (the corridor camera), after
they cross over. In both cases the tracks are maintained correctly, as shown in
Figure 4.

Experiment 3 involves a similar situation, with 2 people moving about in the
environment simultaneously. This time, person A leaves his office (Fig 5(a)) and
heads down the corridor (Fig 5(c)), exiting at the top of the FOV of the corridor
camera. Person B follows A (Fig 5(b),(d)), into the corridor then exits to the
bottom of the corridor camera (Fig 5(e)). Persons A and B then reappear and
return to their desks (Fig 5(f),(g),(h)).

This sequence shows the ability of the Markov model to decide which disap-
pearance best explains each appearance, based on the location of each. Having
been trained, the model knows that it is unlikely to observe a person disap-
pear from the top of the corridor camera and reappear at the bottom, and vice
versa.

Experiment 4 shows how the tracker can be misled. Person A is tracked
correctly to the door of his office (Fig 6(a),(d)), while at the same time person B
exits the office across the corridor (Fig 6(b),(c)). Person B is correctly identified
as a new appearance, and then exits to the bottom of the FOV of the corridor
camera. Person A then enters the corridor camera from the bottom, and is
mistakenly identified as a reappearance of person B (Fig 6(e)). This reflects the
Markov model’s belief that an appearance at the bottom of corridor camera is
more likely to be someone walking along the corridor than exiting the office. This
belief is quite reasonable—more people are likely to observed walking along the
corridor than exiting person A’s office—but wrong in this case.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 5. Person B follows person A out of the office, then turns around. Person A then
returns after person B. Both people are correctly identified, despite the fact that person
B disappears and reappears. Again, frames are shown in order of time

5.1 Observations

Given the failure case in Experiment 4, it seems like it might be useful to use
the appearance of each object to help identify it. However, it was found that due
to the difference in lighting, camera characteristics, and their points of view, the
appearance of an object could change significantly between cameras. This means
that appearance can not be used in a straightforward way to disambiguate ap-
pearances and disappearances in camera FOVs. Recognising this, Javed et al. [9]
learn the way appearance changes between cameras rather than using similarity
of appearance to match objects between views. We intend to investigate similar
approaches.

This system operates in real time, at around 5-10 frames per second. The
bottleneck is the bandwidth required to capture 3 streams of video on a PC,
which could be overcome using specialised capture hardware or by processing the
streams on different machines. Computationally the most expensive procedure is
the multimodal background subtraction update; in fact once learnt, the Markov
model takes very little compute time to apply.
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(a) (b) (c) (d) (e)

Fig. 6. A case in which the tracker fails. Person A in the blue shirt is tracked correctly
to the door of his office. During this time person B leaves his office, and exits to the
bottom of the FOV of camera 2. As person A enters the FOV of camera 1 from below,
he is assigned the identity of person B

6 Conclusion and Future Work

In this paper we have introduced a real-time algorithm that uses a Markov
model to track objects as they move between the separated FOVs of multiple
cameras. We have described the way in which the parameters of the Markov
model are learnt and the way it is applied to an existing single camera tracking
algorithm.The feasibility of the algorithm has been demonstrated using several
scenarios in our office camera network.

There are a number of extensions that could be made to this work. We could
extend the Markov model to a Hidden Markov model that combines its motion
model probabilistically with the output of the tracker, which would also be
expressed probabilistically. It would also be useful to maximise the probability of
the observed tracks over the previous N frames rather just the previous 1 frame.
The Viterbi algorithm [12] is a well known method for doing this for HMMs. One
drawback of Markov models, hidden or not, is that transitions between states
occur instantaneously. We plan to incorporate information about transition times
by storing a histogram for each transition of the durations observed for that
transition during the training phase. This can then be combined with the overall
transition probability to disambiguate track discontinuities based on timing.
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