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Abstract—Tracking with multiple cameras with non-
overlapping fields of view is challenging due to the differences in
appearance that objects typically have when seen from different
cameras. In this paper we use a probabilistic approach to track
people across multiple, sparsely distributed cameras, where an
observation corresponds to a person walking through the field
of view of a camera. Modelling appearance and spatio-temporal
aspects probabilistically allows us to deal with the uncertainty
but, to obtain good results, it is important to maximise the
information content of the features we extract from the raw
video images. Occlusions and ambiguities within an observation
result in noise, thus making the inference less confident.

In this paper, we propose to position stereo cameras on the
ceiling, facing straight down, thus greatly reducing the possibility
of occlusions. This positioning also leads to specific requirements
of the algorithms for feature extraction, however. Here, we show
that depth information can be used to solve ambiguities and
extract meaningful features, resulting in significant improvements
in tracking accuracy.

I. INTRODUCTION

Wide-area multi-camera tracking is applied in a variety of
situations, ranging from strongly constrained situations such as
traffic monitoring [14], to highly unconstrained situations such
as crowd flow analysis, intelligent homes [5, 12] or surveil-
lance and security applications [1, 2]. In order to be successful,
such applications require accurate tracking of individuals
across cameras which, in practical applications, are typically
sparsely distributed. Reliable tracking of objects or individuals
in such a context is especially challenging, for a number of
reasons. First, the objects visit the cameras irregularly and
exhibit inhomogeneous motion outside of the cameras’ view.
Second, the absence of overlap between cameras precludes the
use of continuous motion models such as Kalman filters or
particle filters. Finally, different light conditions and viewing
angles affect the object’s appearance. Solving the associa-
tion problem between different observations must therefore
take into account travel distance, travel speed, possible paths
between different cameras, object appearance and camera-
specific lighting conditions.

Most importantly, accurate tracking over sparsely distributed
cameras requires an accurate representation of the objects’
appearance. In particular, we show that a global description of
a person’s colour distribution is suboptimal, and that features
that include geometric information to describe an individual’s
appearance substantially improve tracking accuracy.

In this work, we focus on features for camera to camera
associations. We therefore consider a full pass of a person
through the field of view of a camera as a single observation,
and build a probabilistic model of the observations and the
associated people’s identities. As we will see, these features
are partially based on the RGB values of all the pixels
associated with a person’s travel through the camera’s field of
view. The quality of the observations affects the performance
of the associations; it is therefore important to avoid, as much
as possible, contaminating the features with pixel values from
the background or other persons.

In this work, we use ceiling-mounted cameras, which are
directed straight down. This layout has two main advantages:

• It is very rare, in such a set-up, for an individual to be
constantly occluded while travelling through the camera’s
field of view. With wall-mounted camera’s, occasional
occlusions are commonplace and total occlusions, where
no useful information can be extracted at all, do happen.
This is far rarer with the current setup.

• As people travel through the camera’s field of view, they
are seen from widely varying angles. This provides us
with a more robust estimate of the person’s appearance:
in the case of wall-mounted cameras, one camera may
provide us with a frontal view of a person, while another
provides us only with a view of the person’s back. De-
pending on the clothing, these may result in very different
appearances, thus making the association problem more
difficult.

However, if ceiling-mounted cameras make the segmenta-
tion of individual people easier, it also makes structural infor-
mation about each individual (such as the person’s height, the
colour of different regions along the vertical axis, etc.) harder
to obtain. We show that the overall colour is a poor summary
of a person’s appearance, and that such structural information
improves the tracking substantially. Such information is more
difficult to obtain in the current setup, because, depending on
the person’s position, it is hard to evaluate which pixels are
high on the body and which are low. We therefore use stereo
vision to solve this problem.

The contributions of this work are twofold:

1) We argue for the value of using ceiling-mounted,
straight-down cameras

2) We demonstrate that information about the structure of



appearance is important to reliable tracking and describe
a method for extracting such features

II. RELATED WORK

There is a substantial body of work on tracking of objects
with cameras. Most past research has focussed on tracking
within a cameras field of view and tracking across cameras
with overlapping fields of view. In such situations, models of
motion such as Kalman filters [11], particle filters [13] and the
corresponding smoothing algorithms are possible. By contrast,
the problem that this paper focusses on precludes the use of
motion models across the cameras. The resulting association
problem scales exponentially with the number of observations,
so that approximations are required. A number of different
approximations have been proposed in the past, such as
heuristic approximations [8] and MCMC sampling [14]. Javed
et al. approximate the posterior probability of the person’s
identity by finding the most likely identity associated with
each observation [10], which can be computed in polynomial
time.

In this work, we use a probabilistic model similar to the
one proposed by Zajdel et al. [17] to infer the associations
between observations, and compare how different appearance
features compare under this model. In the original work, the
cameras were positioned such that the people were observed
from the side. In his approach, a single frame where the object
was clearly visible was selected manually from the sequence
of images of the pass through the field of view. Then, also
manually, the image pixels were segmented into foreground
and background classes. This procedure was followed to
obtain a data set that is independent from various inaccuracies
introduced by automated segmentation.

The foreground object was divided into three regions, to
obtain a compact description of the appearance features a.
These regions (see Fig. 1 for details) are a heuristic choice
based on the assumption that the observed objects are upright,
walking people. For each region, a three-dimensional vector
is computed, containing the mean colour (in RGB space) of
the pixels in that region, yielding a 9D appearance feature
a. The resulting features provide a simple way to summarise
colour while preserving partial information about geometrical
layout. The resulting features are to a certain extent invariant
to variations in person’s pose.

Previous researchers have argued for the value of feature
extraction from plan-view. Different researchers have proposed
to use ceiling-mounted monocular cameras for tracking [4, 9].
The advantages of a top-down view are such that Harville
proposes to use stereo cameras in traditional wall-mounted
locations and to compute the top-down projection from the
range information for tracking [5] and activity recognition [6].

Both monocular top-down views and stereo-vision-based
plan-view reconstructions are, however, suboptimal, since in
the former case the height information is missing, and in
the latter case the advantage of having fewer occlusions
is reduced. We show that by using ceiling-mounted stereo

Fig. 1. Depiction of the segmentation of a silhouette, in 2D and lateral view.
The same segmentation can be obtained from a top-down perspective if height
information is available, taking advantage of the fact that as a person walks
under the camera, their front, top and back are visible.

cameras, substantial improvements in tracking accuracy can
be obtained.

III. FEATURE EXTRACTION

In the current approach we use ceiling-mounted stereo
cameras. The foreground is segmented automatically from the
background, and we want to include information from all
images of the pass. This means that the foreground pixels must
be grouped in a “blob” per person, and that this blob must
be tracked while it is in the camera’s field of view. We first
describe how the segmentation and tracking is performed, and
then describe how the features are extracted from the results.

A. Segmentation

The stereo cameras consist of two sensors, left and right.
From each stereo camera we obtain at time step k a colour
image, ck, obtained from one of the sensors, and a dispar-
ity map, rk, obtained by comparing the images from both
sensors. The disparity map provides us with an estimate of
the distance from the camera, which is transformed using
the camera’s calibration and stored as a vector of elevations.
Since the disparity map is computed based on local texture
information, its resolution is lower than the original colour
images. Similarly, the disparity map is only valid in the area
where the two cameras overlap. This information is part of
the camera’s calibration, and is used to fit the colour image
onto the disparity map, so that the combined image jk contains
both elevation and colour. For ease of exposition below, we
denote ck(x, y) the elements of vector ck corresponding to the
red, green and blue pixel intensities with coordinates (x, y) in
the image. An example of the colour-augmented disparity map
and the original colour image is given in figure 2. From this
representation we extract a representation similar to Zajdel’s
representation.

First we segment the person from the background. This
is done in two steps, based on the range and the colour
image. First an adaptive segmentation algorithm [16] was used



on the disparity map ri to segment foreground pixels from
background pixels. An extension of this algorithm [18] is used
for segmentation based on colour, which is combined with
shadow suppression as described in [7]. The set of foreground
pixels is then defined as the intersection set of the foreground
pixels found by both algorithms. This approach deals with the
issue of “foreground fattening” that occurs in the stereopsis-
based approach, and has the advantage that objects that are
connected in the colour image can often be easily segmented
in the disparity map. This is illustrated in Fig. 2, where all
three foreground objects are connected in the colour image,
but can be easily segmented based on height.

B. Tracking

The resulting set of foreground pixels is then grouped
into blobs using the connected-components labelling algorithm
described in [15]. A blob i is described by the corresponding
set of connected pixel coordinates, denoted Bi, and is tracked
over consecutive frames. The robustness of the segmentation
combined with the lack of ambiguities (resulting from the
advantageous positioning of the camera) allows us to use
a simple, ad-hoc tracking algorithm. The algorithm works
as follows: a list of “active” objects is maintained as we
step through the frames. Both the objects and the blobs are
described in terms of their “position”, which is defined as the
highest point in the object, and their bounding box.

A blob in the new frame is associated with an active object
if:

1) The position of the blob is contained in the bounding
box of the active object,

2) The position of the active object is contained in the
bounding box of the new blob, or

3) The positions of the blobs are not distant by more than
a heuristically chosen threshold (27cm in our case).

If multiple matches are possible, the closest match is chosen.
When an active object reaches the edge of the field of view
and disappears for more than a small number of frames (set
to 10 in our case), the features are extracted, an observation
is generated and the active object is removed from the list. In
the discussion below, the index of the blob in frame k that is
associated with observation j is denoted i

(j)
k

C. 3D features

For every blob i in frame k we calculate an appear-
ance vector aik in the following way. First the maximal
height of the pixels in the blob is computed: rmax

i =
max rk(x, y) | x, y ∈ Bi. The lower and upper limits are then
shrunk by 12.5%, similarly to the approach of [17], to reduce
the inclusion of non-informative pixels from the head and feet.
The limits are therefore hmin

i = 1
8rmax

i and hmax
i = 7

8rmax
i .

The pixels in frame k are then grouped into three groups:

S1
i = {(x, y) ∈ Bi | hmin

i 6 rk(x, y) < 1
3hmax

i }
S2

i = {(x, y) ∈ Bi | 1
3hmin

i 6 rk(x, y) < 2
3hmax

i } (1)

S3
i = {(x, y) ∈ Bi | 2

3hmin
i 6 rk(x, y) 6 hmax

i }

For every group of pixels the average r, g and b colour
values are calculated. After a full pass of a person through
the field of view of the camera, the appearance feature of that
person is the mean pixel value, over all pixels in the group,
over all frames. Thus, the feature vector of observation j,

aj =

aj1

aj2

aj3

 (2)

consists of a 9D vector describing the appearance of a person
as seen by that camera, which is computed as follows:

ajn =

∑
k

∑
(x,y)∈Sn

i
(j)
k

k c
i
(j)
k

(x, y)∑
k |Sn

i
(j)
k

|
, (3)

where we sum over all frames k that affect observation j, i.e.,
from the frame the person entered in the camera’s field of
view to the frame they left, and |Sn

i | denotes the number of
pixels in set Sn

i .
This feature extraction method deals with the occlusions

that occur due to the positioning of the cameras, since only
visible pixels are taken into account when constructing the
appearance vector, and all pixel values that are observed during
the person’s transit through the camera’s field of view are
taken into account. The resulting feature vector is used for the
camera to camera tracking using the model described below.

D. 2D features

In the results section, we compare how features that include
height information compare to features based on a person’s
global colour. We therefore extract global features without
including elevation information. These features are extracted
based on the same tracking as described above (which does use
stereo vision for the segmentation), but consist of the average
RGB values of all the pixels in the tracked object, without the
segmentation into three areas described above.

IV. THE ASSOCIATION MODEL

Each observation yi = {ai, t
e
i , t

l
i, li} consists of the fol-

lowing variables: the location li (that is, the identifier of the
camera that recorded the observation), the time of entry in the
camera’s field of view tei , the time of leaving its field of view,
tli, and a vector of appearance features ai obtained as described
above. Let z be a categorical variable indicating the identity of
a person. If we know the set of observations associated with
a person z, the likelihood of that set of observations y1:Nz

factorises as depicted in Fig. 3 and is given by:

p(y1:Nz |z) =
Nz∏
i=1

p(ai|z, li) p(li|li−1) p(tei |li, tli−1, li−1) (4)

Notice that we do not include a term for p(tli), since it does
not affect the model: indeed, in a more complete model, tli
would depend on tei , but since the two are observed jointly,
p(tli|tei ) = 1 for the observed tli and tei , so that we omit it
from our description.



Fig. 2. Combined colour image and disparity map. The inset shows the view obtained by the camera, while the main image shows the 3D reconstruction of
the same image, based on the disparity map. This illustrates how objects which are connected in the 2D image (all three people, in this case) can be easily
segmented based on the elevation. The 3D reconstruction shows how many areas of a person’s body are hidden from the camera’s perspective; yet different
portions become visible as the person moves across the camera’s field of view, and so a complete model of the appearance is constructed.

The appearance features are modelled with an additive
model:

ai = µz + vi + wi, (5)

where µz is the mean appearance vector for person z; vi ∼
N (0, Σz) is zero-mean, normally distributed noise, accounting
for the spread in colour in the individual’s clothing; and the
final noise term, wi, accounts for the difference in lighting
conditions associated with each camera, differences in the
camera’s settings etc., and is distributed as wi ∼ N (µli , Σli).
The resulting distribution of ai is also normal, so that

p(ai|z, li) = N (ai; µz + µli , Σz + Σli) (6)

During training, we can trivially separate the two noise terms,
vi and wi, since wi depends only on the camera (which
is observed), while vi depends only on the person’s identity
(which is jointly optimised using the EM algorithm).

The probability of transiting from one camera to the next,
p(li|li−1) depends on the environment and is set beforehand.
Finally, the probability distribution of travel time between
cameras, given by p(tei |li, li−1, t

l
i−1) is difficult to model in

practice, as it is typically strongly multimodal. Learning a
precise parametric representation of the distribution would
therefore require large amounts of data, which are not available
in our application. We therefore choose to model it with a

uniform distribution:

p(tei |li, li−1.t
l
i−1) ∝

{
0 if li = li−1 and tli−1 > tei
1 otherwise.

(7)

where the limits of the uniform distribution are chosen such
that the same person cannot be seen twice simultaneously by
the same camera. Additional limits could be added to limit the
search space of the algorithm, but in our case the sequences
were short enough that we allowed for transitions between any
observations, and the range of the uniform was thus defined by
the length of the sequence. The simultaneous observation of
the same person by different cameras has non-zero probability,
to allow for the potential overlap of the cameras’ fields of view.

The conditional independences between consecutive ob-
servations of the same person are depicted in Fig. 3; ob-
servations stemming from different people are assumed to
be independent. The complexity of this model stems from
the fact that subsequent observations need not be from the
same person: exact inference becomes intractable if multiple
individuals are considered, as shown in Fig. 4. Inference and
learning within a single partition is trivial, but the number of
possible partitionings grows exponentially with the number of
observations. In [17] this problem was solved by approximate
marginalisation of the different partitionings of the data. This
method, based on a combination of the EM algorithm [3] and
a greedy search algorithm, was also used in this work.
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Fig. 3. Graphical model depicting the independence assumptions between
two consecutive observations of the same person. See the text for details.
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Fig. 4. Graphical model of the probabilistic model of observation yi. Since
the observations are ordered in time, yi only depends on the identity of the
person zi and the previous observation of that person. However, since we do
not know when the last observation of that particular person was, yi depends
on all past observations y1:i−1 and on an extra variable indicating what the
last observation of the person was. The densely connected structure of the
graph makes exact inference intractable.

In the experiments reported here, the transition probabilities
between cameras was kept fixed, and only the parameters mod-
elling the appearance were learnt, by maximum likelihood.
The generalised EM algorithm was used, where the person’s
appearance parameters, µz and Σz , and the camera’s noise
parameters, µl and Σl, are optimised iteratively during the M
step.

V. RESULTS

We investigated the effect of the feature extraction on the
tracking accuracy of our model on four different sequences,
of approximately 1000 frames each. The sequences were

TABLE I
ACCURACY OF THE TRACKING RESULTS

Seq. Obs. People 3D 2D
1 10 4 1.00 1.00
2 12 3 0.92 0.92
3 9 4 0.89 0.67
4 11 4 0.64 0.45

recorded with two Point Grey bumblebee 21 stereo cameras
(i.e., four sensors), and four volunteers were asked to walk
randomly under the cameras. The fields of view of the cameras
overlap slightly, but the overlap was not used in tracking, so
that the only consequence of this overlap is that people can
appear in one camera before they disappeared from the other.
However, due to the way we modelled the travel time between
cameras, this does not affect the results either.

The resulting sequences contain stretches with no obser-
vations, interspersed with short bursts of activity, where up
to three people walk through the camera’s field of view
simultaneously. The walking patterns were not constrained,
and the sequences contain many different walking speeds,
directions, people walking in close proximity, sudden changes
of direction, etc.

Table I depicts the tracking accuracy, i.e., the number of
observations that are correctly associated with one identity
over the total number of observations in the sequence, for four
different sequences. The ground truth for these experiments
was obtained by manually labelling the observations with the
identity of the corresponding person. In this table, the column
labelled ‘Obs.’ indicates the number of observations present
in that sequence, ‘People’ lists how many different individuals
were present in the sequence; ‘3D’ lists the results with the 3D
features and ‘2D’ the association results when using the 2D
features. The sequences contain few observations of the same
person, making the problem more difficult, as less information
is available about each person.

We can see that the use of geometric information leads to
improved tracking accuracy. This difference becomes more
marked as the sequences become more difficult and the
individuals become harder to distinguish (mostly due to people
walking along the edge of the camera’s field of view, resulting
in less of the person being visible).

VI. CONCLUSION

We have described a simple feature-extraction algorithm
for the tracking of people over sparsely distributed cameras.
We take advantage of the positioning of the camera to avoid
occlusions, thus allowing us to use a simple and fast, heuristic
tracking algorithm.

The location of the camera leads to ambiguities about the
structure of the observed object: it is not easily possible to
determine what pixels correspond to low and high elevations,
and we show that this information is important for robust
tracking across cameras. We use stereo vision to obtain this
missing information, and show that the resulting tracking is
improved markedly.
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