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In this work, a novel approach for people detection and tracking using multiple stereo cameras is pro-
posed. Our proposal consists in combining information from all the available cameras using three differ-
ent plan-view maps. Occupancy and height maps register the volume and height of the objects that are
visible in the stereo cameras, respectively. We also propose the use of a novel map, named confidence
map, which registers the confidence of the information projected in each cell. The proposed confidence
map is employed to fuse the information captured by each camera so that the most reliable information
is kept in each cell. We then propose a particle filter algorithm for tracking people in the fused plan-view
maps. The observation model employed considers height, occupancy and confidence information so that
information from the most reliable camera is employed at each time instant. The experiments conducted
show the validity of our proposal.

� 2009 Elsevier Inc. All rights reserved.
1. Introduction Several approaches using stereo vision have been proposed to
People detection and tracking have been active areas of re-
search in the computer vision community. Although most research
has focused on single-camera approaches, this configuration is not
the ideal solution for multi-people tracking due to occlusions and
because the space covered by a single camera might be too small
for certain applications. Multiple-camera tracking approaches
aim to solve these problems.

Detection and tracking in monocular images are widely ex-
plored topics in the related literature. However, using stereo vision
for these purposes is an emerging research area. Stereo vision has
several advantages over monocular images. First, all of the meth-
ods designed for tracking in monocular images can be applied
but with much richer per-pixel information (colour or luminance
plus depth). Depth information can be employed to track people
in a more precise manner and gain a better understanding of their
gestures [30]. Moreover, depth is an important piece of informa-
tion for developing robust background estimation techniques
[6,15,28]. Second, disparity information (from which depth is ob-
tained) is relatively invariable to illumination changes. Therefore,
systems that employ stereo vision are expected to be more robust
in real scenarios where sudden illumination changes might occur.
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solve people detection and tracking problems. The work of Cipolla
and Yamamoto [5] is among the first in this area. They present a ste-
reo-based method for tracking objects using the visualized locus
method. In [9], Eklundh et al. study the uses of active vision and con-
clude that the integration of multiple cues is necessary to accomplish
real-life tracking tasks. In [7], Darrell et al. present an interactive dis-
play system that is capable of detecting and tracking several people
by combining a skin detector, a face detector and a disparity map.
Perseus [21] constitutes a remarkable example of using stereo vision
for interacting with human users. Perseus is able to detect and track a
single user and to determine where the subject is pointing. The Per-
seus architecture is also employed by Franklin et al. [10] to develop a
robotic waiter controlled by simple hand gestures. In [12], Haritao-
glu et al. present a complete system that integrates grey-level and
stereo information for tracking people.

A common aspect of these works is that tracking is performed
directly in the camera image. However, many authors have shown
that a ground-based representation of stereo data (named plan-
view map) has several advantages. First, an orthogonal projection
allows the enormous amount of information provided by stereo
systems to be reduced, while preserving meaningful spatial infor-
mation that is useful for tracking purposes. Second, people do
not tend to be overlapped in floor plane representations as much
as they are in original camera images. Therefore, tracking is more
reliable in the projection and it is not necessary to use a segmen-
tation method that determines which person each pixel of the
camera image belongs to. Third, plan-view maps allow the infor-
mation provided by several stereo sensors to be easily integrated
into a single representation model.
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Fig. 1. Minimal stereo system composed by two cameras.
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Most of the work on plan-view maps has focused on single ste-
reo cameras. In Ref. [1], Beymer introduces the concept of occu-
pancy map to count people entering a shop using a ceiling stereo
camera. The occupancy map is a 2D map of the environment in
which each cell registers the amount of 3D points projected in it.
The work of Harville [13] constitutes an excellent example of using
plan-view maps for people detection and tracking in video surveil-
lance tasks combining occupancy and height maps. The latter is
employed to register the height of the detected objects. Later, in
Ref. [14], they show that height maps can be effectively employed
to learn human body poses. In [3], Checka et al. propose the use of
stereo plan-view maps with sound plan-view maps. Sound and ste-
reo information are combined to detect a speaker in a conference
room. Hayashi et al. [16] present a people detection and tracking
system whose main contribution is the use of a variable voxel vot-
ing scheme in which stereo points are projected in an area propor-
tional to their error. A serious problem of their approach is that the
complexity of the map calculation grows exponentially according
to the distance of the stereo points. Later, in Ref. [17], the same
authors propose the use of a variable window size to represent
people according to their distance to the camera. Thus, when peo-
ple are far from the camera, the window size is enlarged to account
for stereo errors. However, their proposal does not allow the inte-
gration of multiple stereo cameras.

The authors of this work have proposed several contributions
for people detection and tracking using a single stereo camera.
While Ref. [29] proposes a tracking approach combining colour
and stereo extracted directly from the camera image, the works
in [28] propose the use of plan-view maps to represent stereo
information more efficiently. Later, in Ref. [27] the colour map is
proposed in order to manage colour information.

Despite the fact that stereo people detection and tracking prob-
lems have been addressed using a single view, few works have ad-
dressed the problem using multiple views. In [26], Mittal and Davis
present a probabilistic approach for tracking people using multiple
monocular cameras. They perform a separate tracking procedure in
each of the monocular cameras and then extract stereo informa-
tion which is projected in a ground map. A great disadvantage of
their method is that they repeat the segmentation process several
times for each frame until convergence is achieved. In [24], Krumm
et al. show a people tracking system for a smart room using a pair
of stereo cameras. Rather than employing plan-view maps, people
are detected by grouping 3D blobs extracted from the stereo infor-
mation. A plan-view map projection could have speed up compu-
tation by reducing the amount of information. Finally, in Ref.
[34], Zhao et al. present an approach for people detection and
tracking using multiple short base line stereo cameras. A separate
tracker determines people’s positions in each camera and then the
local positions are fused by a centralized tracker.

1.1. Proposed contribution

Stereo people detection and tracking using multiple stereo
views remains an open research field. This work proposes a novel
solution based on detecting and tracking people directly in plan-
view maps (unlike Refs. [24,26,34]). For each stereo camera, we
create three different plan-view maps. The first is an occupancy
map indicating in each cell the amount of stereo information pro-
jected in the corresponding space region. The second is a height
map indicating in each cell the maximum height of the objects in
the corresponding space region. Finally, we define a novel map
called the confidence map to register the reliability of the informa-
tion projected in the previous maps. The maps of each camera are
then fused in order to obtain a global occupancy map, a global
height map and a global confidence map. Unlike the above-men-
tioned works on multiple stereo camera tracking which do not con-
sider stereo errors, we propose a stereo error model in order to
combine information from multiple unreliable stereo cameras.

The global maps we create are employed for detecting and
tracking people. To do so, we employ a multiple particle filtering
approach, i.e., a separate particle filter is used for tracking each
person. This work proposes an observation model that combines
information from the occupancy, height and confidence maps to
perform robust tracking even in the presence of severe occlusions
and large stereo errors. As we show in this paper, the use of confi-
dence information significantly reduces tracking errors. To avoid
the coalescence problem when people approach each other, the
weight of particles is modified by an interaction factor [22]. The
algorithm also avoids the coalescence problem in the case of total
occlusion by means of an occlusion detection and recovering
mechanism. The numerous experiments conducted in several
real-life environments validate our proposal.

The remainder of the paper is structured as follows. The basis of
stereo computation and how the three plan-view maps are gener-
ated and fused are explained in Section 2. In Section 3 our proposal
for people detection and tracking is presented. In Section 4, the
experiment is presented, while some conclusions are drawn in Sec-
tion 5.

2. Stereo plan-view maps

In this section the basis for stereo plan-view map calculation is
explained. First, a brief introduction to stereo processing is given in
Section 2.1 (for an updated review of the state of the art, the inter-
ested reader may refer to [2]). In Section 2.2 details are given on
how the plan-view maps are created. Finally, in Section 2.3 we ex-
plain how the plan-view maps generated for each stereo camera
are merged into global plan-view maps.

2.1. Stereo processing

The minimal possible stereo system is composed of a pair of
cameras whose optical centres (Ol and Or) are separated by a dis-
tance b. For purposes of simplicity, let us assume that both cameras
have identical optical characteristics and that their optical sensors
are coplanar (as shown in Fig. 1). A stereo system is able to capture
two images (Il and Ir) at the same instant. In our case, the centre of
the reference system employed is the centre of the right image Ir

(called reference image).
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A point P ¼ ðX; Y ; ZÞ in the space is projected to two locations
(p ¼ ðx; yÞ and p0 ¼ ðx0; yÞ) at the same scan line in both camera
images. The displacement of the projection in one image with re-
spect to the other is called disparity. By knowing the intrinsic
parameters of the stereo system it is possible to reconstruct the
three-dimensional structure of a pixel whose disparity is known.
Depth is calculated by triangulation as:

Z ¼ fb
d
; ð1Þ

where f is the focal length of the cameras and d is the disparity cal-
culated as d ¼ jx� x0j (jjstands for the absolute value). It is also pos-
sible to compute the other two components (X and Y) of the three-
dimensional position of P as:

X ¼ xZ
f

; Y ¼ � yZ
f
: ð2Þ

Disparity is obtained by stereo matching methods. However, it is
not always possible to obtain disparity due to the lack of texture.
Points for which disparity can be obtained are called matched
points. By

Pcam ¼ pi
cam ¼ Xi

cam;Y
i
cam; Z

i
cam;1

� �Tji ¼ 1 . . . n
o
;

�

let us denote the set of matched points (expressed in homogeneous
coordinates). The three-dimensional positions pi

cam are referred to
the stereo camera reference system. However, for our purposes it
is preferable to translate the position of the points to a ‘‘world” ref-
erence system, which is placed at ground level and parallel to it.

The chessboard panel shown in Fig. 2(a) is employed to deter-
mine the extrisic camera parameters using the OpenCv library
[18]. The extrinsics of each camera are used to determine the ma-
trix that transform the 3D points from the local reference system of
each camera to the global coordinate system centered in the chess-
board panel. Therefore, all cameras share a common reference sys-
tem. Let us denote

Pw ¼ pi
w ¼ Xi

w;Y
i
w; Z

i
w;1

� �Tji ¼ 1 . . . n
� �

;

to the 3D points Pcam expressed in relation to the ‘‘world” reference
system.

Fig. 2 helps to clarify the above explanation. Fig. 2(a) shows the
reference camera image captured by a stereo system, while
Fig. 2(b) shows the three-dimensional reconstruction of the scene.
Fig. 2. (a) Reference camera image captured with an stereo system. (b) Three-dimensiona
(c) Occupancy map of the scene shown in (a). (d) Height map of (a). (e) Confidence map
The above-mentioned reference systems have been superimposed
in Fig. 2(b).

2.2. Occupancy, height and confidence maps

As can be observed from Fig. 2(b), a large amount of 3D points
are obtained from a single stereo pair. Nevertheless, since people
move along the floor plane, determining their 2D positions in the
plane is sufficient for many tracking applications. Thus, it is prefer-
able to translate the 3D information into a simpler representation
model that reduces the amount of information while preserving
meaningful spatial properties that are useful for tracking. Plan-
view maps are employed for this purpose.

A plan-view map divides a region of the floor plane into a set of
n�m cells of fixed size d. In this work, we set the origin of the map,
cell (0,0), as the origin of the world reference system (see Fig. 2(b)).
Hence, the cell coordinates ðxi; yiÞ in which a three-dimensional
point pi

w is projected are calculated as:

xi ¼ Xi
w

d

" #
; yi ¼ Zi

w

d

" #
ð3Þ

The selection of d must be made taking into account several aspects.
On the one hand, a high value helps to decrease the computational
effort and the memory used. The side effect is that it leads to a loss
in precision. On the other hand, a low value increases the precision
(up to the limit imposed by the errors of the stereo computation)
but also the computational requirements. In this work, we have
opted for setting d ¼ 3 cm which is an adequate balance between
both requirements (precision and memory), according to our
experimentation.

Every time a stereo pair is captured, the set of points that pro-
ject in each cell is computed as:

Pðx;yÞ ¼ ijxi ¼ x ^ yi ¼ y ^ Yi
w 2 ½hmin;hmax�

n o
;

where ½hmin; hmax� is a height range that has two purposes. First, the
upper limit hmax avoids using points from the ceiling or from objects
hanging from it (e.g., lamps). Second, the lower limit hmin excludes
low points from the process that are irrelevant for our purposes
(e.g., floor points).

In this work, three different plan-view maps are employed.
These are called occupancy map O, height map H and confidence
map C. Each cell Oðx; yÞ of the occupancy map represents the amount
of points projected into it and is calculated as indicated in Eq. (4).
l reconstruction of the scene showing the reference systems employed in this work.
of (a).
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Oðx;yÞ ¼
X

j2Pðx;yÞ

ðZj
camÞ

2

f 2 ð4Þ

The idea underlying the equation is that each point increments its
corresponding cell by a value proportional to the surface occupied
in the real scene. Thus, points close to the camera correspond to
small surfaces and vice versa. If the same increment is employed
for every cell, an object would have a lower sum of the areas the far-
ther it is located from the camera. This scale in the increment value
compensates for the difference in the size of the objects observed
according to their distance to the camera. The occupancy map of
the scene shown in Fig. 2(a) can be seen in Fig. 2(c). In Fig. 2(c),
the white cells represent empty regions (i.e., cells with no points
projected in them), while the grey cells represent occupied areas.
The darker the colour of a cell, the higher the number of points pro-
jected in it.

The cells of the height map, Hðx; yÞ, register the height of the
highest point projected in them. The height map is calculated as:

Hðx;yÞ ¼
maxðYj

wjj 2 Pðx;yÞÞ if Pðx;yÞ – ;
hmin if Pðx;yÞ ¼ ;

(
ð5Þ

Fig. 2(d) shows the height map of the scene in Fig. 2(a). In Fig. 2(d),
the darker the colour of a cell, the higher its height value.

Finally, this work defines the confidence map, C, registering the
confidence of the stereo information projected in each cell. As ex-
plained in the previous section, the three-dimensional coordinate
of a matched point is obtained from the inverse of its disparity
Eq. (1). Consequently, the reconstruction error of a point becomes
larger as it moves away from the camera. The proposed confidence
map registers a certainty value at each cell which indicates the reli-
ability of the information contained in the corresponding cell of the
occupancy and height maps. The confidence map is calculated as

Cðx;yÞ ¼
0 if jPðx;yÞj ¼ 0

1
jPðx;yÞ j

P
j2Pðx;yÞ

C Zj
cam

� �
otherwise

8><
>: ð6Þ

where | | denotes the cardinal. Each cell Cðx; yÞ indicates the average
confidence of the points projected in it. The confidence of a point is
estimated using a confidence function CðZcamÞ that assigns values in
the range (0, 1) according to the distance from the camera. Confi-
dence tends to 1 for points near the camera and to 0 as points are
far from the camera. Thus, low values for a cell Cðx; yÞ indicate
whether there is no information in it or that it is unreliable. How-
ever, if a cell value is close to 1, we can be confident that the error
of the information projected in it is small.

The confidence function is defined in this work as a Gaussian
function:

CðZcamÞ ¼ exp � Z2
cam

2r2
c

 !
; ð7Þ

so that CðZcamÞ decreases as Zcam increases and vice versa. Parameter
rc is defined as:

rc ¼
Zmax

3
: ð8Þ

Therefore, when Zcam ¼ Zmax, the value of CðZcamÞ is very small, indi-
cating a lack of confidence. In fact, parameter Zmax can be seen as a
upper limit indicating the maximum distance at which stereo errors
can be considered too high. From Eq. (1), we can derive:

Zmax ¼
fb

dmin
: ð9Þ

Then, Zmax is expressed in terms of a disparity limit dmin. The dispar-
ity limit dmin must be selected according to the precision of the
stereo matching algorithm employed. Experimentally, we have
determined that dmin ¼ 3 provides appropriate results. Expressing
Zmax in terms of dmin allows a different Zmax to be calculated for each
camera according to its optical properties. In consequence, a camera
with a long focal length can be far from an object and obtain a high-
er confidence than a closer camera with smaller focal length.

The confidence map of the scene shown in Fig. 2(a) can be seen
in Fig. 2(e). The white cells represent low confidence regions, while
the grey cells represent high confidence regions.

Colour information can be managed by the use of colour plan-
view maps as proposed in Ref. [27]. The use of colour helps to re-
duce the likelihood of confusing people identities in cases of ex-
teme occlusion but only if they wear clothes of different colours.
However, we have focused this work only on the minimum config-
uration that allows us to achieve a reliable people detection and
tracking, i.e., using only occupancy and height plan-view maps.
Nevertheless, the extension of the methods proposed to account
for colour maps is a straightforward procedure. To do so, a separate
colour map should be created by each camera and then they should
be fused into a global one using the philosophy explained in the
next section.

2.3. Plan-view map merging

The process explained above is employed to create an occu-
pancy, height and confidence map for each stereo camera of our
system. However, our aim is to create a single map of each type
by fusing the information from all of them, i.e., we merge the maps
in order to obtain a single occupancy map O, a single height map H

and a single confidence map C. However, a direct combination of
the information might lead to problems because of stereo errors.
Thus, our combination approach is based on the confidence map.
The underlying idea is that the merged maps contain the most reli-
able information at each cell. By

O ¼ fOv jv ¼ 1 . . . Vg

let us denote the set of occupancy maps created for the V stereo sys-
tems available. Let us also denote by

H ¼ fHv jv ¼ 1 . . . Vg;

and

C ¼ fCv jv ¼ 1 . . . Vg

to the set of height and confidence maps respectively. By

vðx;yÞ ¼ argmax
v

Cv
ðx;yÞ; ð10Þ

let us define the index of the map with greater confidence in cell
ðx; yÞ. Then, the merged maps are calculated setting in each cell
the information from the most reliable map, i.e.,

Oðx;yÞ ¼ O
vðx;yÞ
ðx;yÞ ; ð11Þ

Hðx;yÞ ¼H
vðx;yÞ
ðx;yÞ ; ð12Þ

and

Cðx;yÞ ¼ C
vðx;yÞ
ðx;yÞ : ð13Þ

Fig. 3 shows the results obtained when maps generated by two ste-
reo cameras are merged. Fig. 3(a and b) are the camera images
showing a scene with two people in opposite parts of a corridor.
The occupancy maps created for each image are shown in Fig. 3(c)
and (d); the corresponding confidence maps are shown in
Fig. 3(e) and (f). Fig. 3(e) shows the fused occupancy map, while
Fig. 3(h) shows the fused confidence map. Height maps have been
omitted for reasons of space.



Fig. 3. (a and b) Camera images. (c) Occupancy map of image (a). (d) Occupancy map of image (b). (e) Fused occupancy map of (c) and (d). (f) Confidence map of (a). (g)
Confidence map of (b). (h) Fused confidence map of (f) and (g). See text for discussion.
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Fig. 3(c–h) shows the impact of stereo errors in plan-view maps
at large distances. As can be seen, people are projected as a spread
cloud of points when they are far from the cameras. Ideally, infor-
mation from both cameras should coincide in the fused map. How-
ever, projections do not coincide due to stereo errors. Nevertheless,
confidence maps register the reliability of the projected informa-
tion. As explained below, this information will be employed in
the tracking process to reduce tracking errors.

3. People detection and tracking

In this section we explain our proposal for people detection and
tracking. We have opted for employing a multiple particle filtering
approach, i.e., an independent tracker is employed for each target.

Our approach relies on a background model [15] that defines a
mixture of Gaussian combining colour and depth information at
each pixel. When stereo pairs are captured, foreground pixels are
extracted and only these pixels are employed to create the plan-
view maps. Afterwards, the known people are tracked and the
new people in the scene are looked for. Finally, the background
models are updated. However, the pixels belonging to the people
being tracked are not considered in the update process. Thus, peo-
ple do not become part of the background even if they remain sta-
tic for long periods of time.

The rest of this section is structured into three parts. Section 3.1
explains the basis of the particle filter employed, while Section 3.2
explains the proposed observation model. Section 3.3 briefly ex-
plains how people entering and leaving the monitored area are
detected.

3.1. Multiple particle filtering

Particle filtering techniques are widely employed for estimating
the state of a dynamic system XðtÞ from sequential observations
ZðtÞ of the system [11,19,20,23]. To do so, a weighted set of parti-
cles fðsjðtÞ; pjðtÞÞg is used where sjðtÞ represents a possible state of
the system, and pjðtÞ is a non-negative numerical factor called
importance weight which represents an estimation of the observa-
tion density pðZðtÞjsjðtÞÞ.
Particle filters are especially interesting because they can deal
naturally with systems where both the posterior density and the
observation density are non-Gaussian and they are able to manage
multiple hypotheses simultaneously. Nevertheless, the straightfor-
ward application to multi-target tracking presents several prob-
lems. First, the standard particle filter does not define a method
for identifying individual modes (or targets). Second, the particles
of a standard particle filter quickly collapse to a single mode dis-
carding the rest of them (usually referred to as coalescence or the
particle ‘‘hijacking” problem) [4,32]. Third, a joint particle filter
suffers from exponential complexity as the number of targets
grows [33]. Recent approaches overcome these problems through
the use of multiple particle filters (MPFs) [8,22,31,32]. A MPF con-
sists of employing an independent PF for each target and an inter-
action factor which modifies the weight of particles in order to
avoid the coalescence problem.

The typical structure of each independent tracker (based on the
Condensation algorithm [20]) is outlined in Fig. 4. At the beginning,
the algorithm is provided by an initial sample set Sð0Þ of N parti-
cles, where all of them are equally weighted. In this work, the state
vector for each target is defined by

XðtÞ ¼ ½xðtÞ; yðtÞ�T

the plan-view maputhors’ previous works. Would you provide a
comparison with these previous works to show the improvement
of this work. For example, [27] employed a color map to in location
of the person.

At each iteration, the algorithm uses the sample set Sðt � 1Þ to
create a new sample set SðtÞ. The new samples sjðtÞ are obtained
by selecting, with replacement, N samples s0jðt � 1Þ from Sðt � 1Þ.
For that purpose, the cumulative probabilities cjðt � 1Þ of the par-
ticles sjðt � 1Þ are first calculated. Then, the new particles
s0jðt � 1Þ are selected by finding the particle whose cumulative
probability is closer to a selected random number r using binary
subdivision. Afterwards, for each selected sample s0jðt � 1Þ, the
algorithm computes its next state sjðtÞ according to the dynamics
of the model plus some random noise.

In this work, we have employed a random walk movement
model due to the stochastic nature of people’s movements, partic-



Fig. 4. Structure of an independent particle filter tracker.
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ularly when people interact with each other. The random noise ap-
plied is assumed to follow a Gaussian distribution Nð0; r2

mÞ whose
deviation is calculated based on the fact that average human walk-
ing speed is about 1 m/s (3.6 km/h). Then, if the proposed system is
able to operate at fps hertz, the parameter r2

m is calculated as:

rm ¼
1

fps
: ð17Þ

The weight pjðtÞ of each particle is computed based on the new
observations obtained pðZðtÞjsjðtÞÞ and the interaction factor IjðtÞ
(see Eq. (14)). The interaction factor takes a value in the range [0,
1] and is used to modify the final weight of a particle according
to its distance to the rest of the targets. This factor has values near
0 for particles drawn close to the position of targets from other
trackers, and values near 1 in the opposite case. Thus, the interac-
tion factor can be defined as a function that is inversely propor-
tional to the distance between a particle and a target. In this
work, the interaction factor is defined as a Gaussian function

IjðtÞ ¼ 1� e
� dm2

2r2
dm ; ð18Þ

where dm is the Euclidean distance to the nearest target (excluding
itself) and rdm the deviation. The deviation is set to rdm ¼ 0:5 m,
which is assumed to be an upper bound for the width of adult people.

After computing the particle weights, the mean estimated posi-
tion E½SðtÞ� is assumed to be the current person’s location (see Eq.
(15)). However, a person frequently becomes occluded by another
person or by structural elements in the environment. Although the
standard particle filter is able to work in the case of partial occlu-
sion, total occlusion represents a major problem. Occlusion occurs
when the view of a person is blocked by another person or object in
the surroundings. In that case, no 3D points are detected for the
blocked person, and consequently, the occupancy, height and con-
fidence maps are empty in the region where the person is. Then,
tracking can not be done since there is information to track. Since
several cameras are employed in this work, occlusion in one cam-
era can be solved by another camera. Therefore, the problem scar-
cely occurs. However, in crowded scenarios, a person might be
occluded in all cameras. If occlusion is not detected and handled,
the tracker of the occluded target will end up tracking one of the
remaining visible targets. To avoid that problem, the likelihood of
the mean estimated position pE½SðtÞ� is calculated (Eq. (16)). The va-
lue pE½SðtÞ� reflects the degree to which the estimated position is
really occupied by a person in the map. Therefore, an occlusion
can be detected when pE½SðtÞ� is below a given threshold pmin.

When occlusion is detected, the tracker incrementally increases
the number of particles N as well as rm (five percent at each iter-
ation). Thus, while the person remains lost, there are more parti-
cles and they are more spread out in order to cover the region
where the lost person might reappear. If after several iterations
the person is not found, the tracker stops. However, if the person
is found, both N and rm are set to their default values.

3.2. Observation model

When using stereo plan-view maps, the stereo information of
the visible people is projected in an area of the maps that is propor-
tional to their real dimensions. Usually, a person whose arms are
partially extended fits in a rectangular region whose size, fR, varies
from 0.4 m to 0.6 m [?,28]. Thus, our people detection and tracking
approach is based on the analysis of rectangular regions (with a
size of fR ¼ 0:5 m in this work). Let

Rðx; yÞ ¼ ijmaxðjxi � xj; jyi � yjÞ < fM

2

� �

represent the set of cells from a squared region with a size of fM

centred at ðx; yÞ. The parameter fM represents the dimension of a
person’s projection, fR, expressed in cells. By RðsjðtÞÞ, let us repre-
sent the region centred at the particle sjðtÞ.

The observation model proposed in this work combines occu-
pancy, height and confidence information from the generated
plan-view maps. Occupancy information is managed by defining
the variable ORðx; yÞ representing the occupancy level of the region
Rðx; yÞ. It is calculated as:

ORðx; yÞ ¼
X

i2Rðx;yÞ
Oðxi ; yiÞ: ð19Þ



Fig. 5. Inverse Butterworth distribution for different values of its parameters.

Fig. 6. (a) Likelihood map of the scene shown in Fig. 3 using confidence
information. (b) Likelihood map of the scene shown in Fig. 3 without using
confidence information.
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Assuming that occupancy

ORðsjðtÞÞ ¼ OjðtÞ � N lo; r
2
o

� �
;

follows a Gaussian distribution, we shall denote its probability dis-
tribution function (pdf) as:

poðOjðtÞjsjðtÞÞ ¼
1

ro

ffiffiffiffiffiffiffi
2p
p exp �ðOjðtÞ � loÞ

2

2r2
o

 !
: ð20Þ

The parameters lo and ro represent the mean and standard devia-
tion of the variable ORðx; yÞ. These parameters must be estimated by
experimentation. In our experiments, the values lo ¼ 2500 and
ro ¼ 1000 provided good results.

Height information is managed in our model by defining the
variable HRðx; yÞ representing the maximum height in the region
Rðx; yÞ. It is defined as:

HRðx;yÞ ¼maxðHðxi ;yiÞÞ8i 2 Rðx; yÞ: ð21Þ

We assume that the maximum height of a region HRðsjðtÞÞ follows a
Gaussian distribution

HRðsjðtÞÞ ¼ HjðtÞ � N lh;r
2
h

� �
:

Its pdf is then defined as:

phðHjðtÞjsjðtÞÞ ¼
1

rh

ffiffiffiffiffiffiffi
2p
p exp �ðHjðtÞ � lhÞ

2

2r2
h

 !
: ð22Þ

Parameters lh and rh represent the mean and standard deviation
for the height of a person. In our case, we have employed the values
lh ¼ 1:5 m and rh ¼ 0:8 m because they provided good results for
tracking people in both standing and sitting positions.

Finally, confidence information is managed by defining CRðx; yÞ
representing the confidence level of the region Rðx; yÞ. It is calcu-
lated as

CRðx;yÞ ¼
1

jRðx; yÞj
X

i2Rðx;yÞ
Cðxi ;yiÞ: ð23Þ

where | | denotes the cardinal. As can be observed, CRðx; yÞ is in the
range [0, 1] where 0 either means that there is no information in
the region or that the information is not reliable. However, it tends
to 1 as the confidence of the information in Rðx; yÞ increases. We
define the pdf

CRðsjðtÞÞ ¼ CjðtÞ � iBðfc;nÞ;

to follow what we have denominated the inverse Butterworth distri-
bution that is defined as:

uðx; fc;nÞ ¼

1

Ncte 1þ 1�x
1�fc

� �2n
	 
 if x 2 ½0;1�;

0 otherwise:

8><
>: ð24Þ

In Eq. (24), Ncte is a normalisation constant calculated as

Ncte ¼
Z 1

0

1

1þ 1�x
1�fc

� �2n dx;

so thatZ 1

�1
uðx; fc;nÞdx ¼ 1:

Fig. 5 shows the inverse Butterworth distribution for different val-
ues of its parameters fc and n. The parameter fc represents a cut-
off point at which the confidence of a region is considered too
low. Thus, when CRðsjðtÞÞ is below fc; uðx; f c; nÞ has low values. How-
ever, as the confidence value calculated in Eq. (23) is greater than
fc; uðx; f c; nÞ tends to its maximum value. The parameter n is the or-
der of the filter and determines the smoothness of the curve transi-
tion. Then, we define

pcðCjðtÞjsjðtÞÞ ¼ uðx; fc;nÞ: ð25Þ

The idea is that high confidence values are always accepted. How-
ever, as the confidence of a region decreases below fc , so does the
probability assigned to particles. These parameters must be deter-
mined. In our case, fc ¼ 0:15 and n ¼ 2 provided good results.

Using the three probabilities explained above, the overall likeli-
hood of a state (see Eq. (14)) is calculated as:

pðZðtÞjsjðtÞÞ ¼ poðOjðtÞjsjðtÞÞphðHjðtÞjsjðtÞÞpcðCjðtÞjsjðtÞÞ: ð26Þ

In the final implementation, computing time can be reduced by tak-
ing into account that in order to achieve a high likelihood, the three
likelihoods must be high. Hence, if the calculation of pcðCjðtÞjsjðtÞÞ
reveals a low value, then the calculation of phðHjðtÞjsjðtÞÞ and
poðOjðtÞjsjðtÞÞ is not required since the final likelihood will remain
low.

Fig. 6(a) shows the results of applying Eq. (26) to every cell in
the corridor example of Fig. 3(a and b). As previously explained,
the figure shows the plan-view maps obtained in a test where
two cameras placed at opposite ends of a corridor record two peo-
ple. Notice that the proposed observation model generates two
clear modes (one for each person). However, we must remember
that stereo errors obtained in the plan-view map construction
are high. To better show the impact of the confidence map,
Fig. 6(b) shows the result of applying Eq. (26) without confidence
information, i.e., setting pcðCjðtÞjsjðtÞÞ ¼ 1 for every cell. In that
case, four different modes appear. When confidence information
is not employed, stereo errors cause ”phantoms” that might con-
fuse the tracking algorithm. However, the use of confidence infor-
mation allows the problem to be solved.

3.3. Detection of people entering and leaving the scene

Before using the above method for tracking, people detection is
required. Once a person is detected, an independent tracker is em-



Fig. 7. Tracking error as the number of particles grow.
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ployed for that person. The people detection method employed in
this work is similar to the one employed in [27]. However, in this
work confidence information is also considered.

Detection is performed after the tracking step to avoid already
detected people from being redetected. In controlled environ-
ments, people enter and leave the scene in known regions (e.g.,
doors) that can be located in the map. People detection is per-
formed by applying Eq. (26) to each cell of these regions. Detection
consists in iteratively seeking peaks above a threshold he in these
processed regions. Once a peak is detected, we consider that a per-
son might have entered the scene and the cells in the region
Rðx; yÞ around the peak are excluded in the following iteration.
The search process stops when no peaks above he are found.

The peaks detected are not directly considered for tracking. In-
stead, a separate list of candidate detections is maintained and up-
dated at each time step. When the same candidate is detected in a
number of consecutive frames, it is considered that a new person
has entered in the scene and a new tracker is added to the system.
This strategy has proved to reduce the number of false positives.

On the other hand, if a tracker detects that a person has come
back into one of these regions and then becomes occluded for a
consecutive number of frames, we consider that the person has left
the scene and that person’s tracker is eliminated.

4. Experiments and discussions

This section explains the experiments that were conducted to
test the proposed algorithm. Several video sequences were re-
corded in three different scenarios. The first scenario is the PEIS
room [25]; a robotised apartment employed for the development
and research of mobile and embedded robotic systems aimed to
help elderly people. Two stereo systems were employed for the
scenario. The first one was placed on the ceiling at a height of
’ 4:5 m and pointing downwards. The second one was placed at
a height of ’ 3 m in a slanting position. The area covered by the
cameras was 3� 4 m. The two cameras were synchronised via soft-
ware and set to record at 7 fps with a resolution of 320� 240 pix-
els. In the second scenario, a total of three stereo cameras were
placed at a height of 3 m to cover an area of approximately
4� 4 m. The cameras were synchronised via software and set to re-
cord at 15 fps with a resolution of 320� 240 pixels. Finally, the
third scenario is the corridor shown in Fig. 3. Two stereo systems
were placed at a height of 2 m at opposite ends of a corridor mea-
suring 15 m in length. The stereo correspondence algorithm em-
ployed in all cases is an improved version of SAD that performs
subpixel interpolation. The number of people in the recorded se-
quences varied from 2 to 4. The people were instructed to move
freely about the environment. Therefore, interactions and occlu-
sions are frequent in the recorded videos. A total of 10 different
people participated in the experiments.

This section is divided into two parts. In the first one (Section
4.1), we evaluate the performance of our proposal, while in the sec-
ond one (Section 4.2) we analyse the influence of using the pro-
posed confidence map.

4.1. Performance evaluation

In this section we show the experiments conducted in order to
evaluate two crucial aspects of the proposed method. First, the er-
ror in determining the positions of the people being tracked (track-
ing error), and second, the error evolution as the number of
particles grows. Regarding the first objective, people’s positions
in four different sequences have been determined in each frame
in order to obtain quantitative measures of the tracking error.
The positions have been manually extracted to indicate the loca-
tions of the people’s heads in the plan-view maps. A total of
4182 positions have been manually extracted from the 1103
frames employed. The tracking error is calculated for each person
as the distance from his/her position (manually determined) to
the position estimated by the proposed tracking method.

Regarding the second objective, the performance of particle fil-
ter based methods increases as the number of particles grows.
Nevertheless, the higher the number of particles employed, the
higher the computational effort required for the algorithm. More-
over, there is usually a limit to the number of particles over which
no significant improvement is obtained. Our aim is to examine the
error evolution in order to determine the minimum number of par-
ticles required for the proposed method to perform adequately.
Thus, the tracking error of our algorithm has been analysed in
the sequences recorded for an increasing number of particles. Fur-
thermore, due to the stochastic nature of the algorithm, each test
has been repeated 10 times with different seeds for the random
number generator.

The results of our experimentation are shown in Fig. 7. The hor-
izontal axis in the graph in Fig. 7 represents the number of particles
employed for each tracker. The vertical axis represents the RMSE
(root mean-square error) in determining the peoples’ position.
The RMSE has been obtained from the errors of the 10 runs for
all the people in the sequence. As expected, the tracking error is re-
duced as the number of particles increases. However, it can be ob-
served that the reduction is greater from 15 to 40 particles. In light
of these results, we consider that the proposed method performs
well for 40 particles, obtaining an error of 0.15 m. In fact, no sub-
stantial error reduction is obtained using more particles.

The tests were performed in an AMD Turion 3200 portable com-
puter with 1 GB of RAM running GNU+Linux. In our tests, back-
ground removal consumes 30 ms, while plan-view map creation
and fusion consumes 9 ms. In fact, background removal is the most
expensive part of our algorithm; a shortcoming that future works
will aim to improve. Finally, the time each tracker requires for esti-
mating the person’s position using 40 particles is 2.5 ms.

In what follows, we show images from some of the sequences
employed to test our proposal. Fig. 8 shows images from one of
the tests performed in the first scenario: the PEIS room. As previ-
ously indicated, two stereo cameras were placed in the monitored
area: one on the ceiling and another one in a slanting position. The
second one is comprised of two low-cost webcams employing the
rectification procedure provided by the OpenCv library [18]. The
ceiling camera is a stereo system manufactured by Videre Design.
The camera images are shown in the two upper rows of Fig. 8.
The likelihood obtained at each pixel is shown in the bottom
row. Additionally, the people’s locations estimated by our trackers



Fig. 8. Three people in the PEIS room. People interact, sit and move around the room.

Fig. 9. Four people moving randomly and sitting causing frequent occlusions.

R. Muñoz-Salinas et al. / J. Vis. Commun. Image R. 20 (2009) 339–350 347



Fig. 10. Four people moving in a corridor causing severe occlusions.

Fig. 11. Tracking error difference for the sequence shown in Fig. 12. Positive values
indicate higher errors for the tracker that do not employ confidence information.
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have been superimposed in the map using a different colour for
each person. The scene in Fig. 8 shows three people that enter
the room and introduce themselves to each other. They then take
a pair of chairs and sit down to talk. Finally, they move around
inspecting the room. In this scenario, the distance of the people
to both cameras is small ð’ 3 mÞ. Therefore, no significant stereo
errors are obtained. It is interesting to note that a ceiling camera
reduced occlusions significantly in this particular configuration.
Nevertheless, such a configuration requires very wide angle lenses
and a high ceiling (which is not always available). On the other
hand, slanting cameras monitor wider areas than cameras placed
on ceilings but occlusions are frequent.

Fig. 9 shows one of the sequences employed to test our system
in the second scenario. In this scenario, three Videre stereo cameras
were placed in slanting positions at a height of 3 m. The sequence
shows four people entering the room, moving about randomly and
sometimes sitting on chairs. In this case, the cameras are also near
the people resulting in small stereo errors. However, this is a chal-
lenging tracking scene since occlusions are very frequent. People
are sometimes seen by three, two or only one camera. The tests
performed show that the proposed approach permits people to
be tracked in a reliable manner despite frequent occlusions. Note
that if a person is occluded in one camera, another camera might
observe him/her and thus the person will be projected in the
map. The proposed fusion approach set information from the most
reliable camera in each cell of the global map. However, if only one
camera sees the target, the information from that camera is em-
ployed for tracking. Thus, occlusions in one camera are effectively
solved by the rest of the cameras.

Finally, Fig. 10 shows one of the tests performed in the corridor
scenario. In the figure, we can see four people moving from one
end of the corridor to the other. This is an especially difficult track-
ing situation for two reasons. First, because the distance between
the cameras causes high stereo errors as previously shown. But
there are also very marked and frequent occlusions. In this sce-
nario, people are severely occluded in both cameras simulta-
neously. However, tracking can be recovered thanks to the
occlusion handling procedure employed.

4.2. Influence of the confidence map

This section aims to analyse the impact of using confidence
information in the tracking process. To test the influence of the
proposed confidence map, we have performed a test in the corri-
dor. We have chosen this scenario because it is large enough to
see the impact of stereo errors in the tracking task.



Fig. 12. A person moves from one extreme of a corridor to the other. Top rows shows the results when confidence map are employed. Bottom rows correspond to the results
when no confidence maps are employed. Without confidence information, stereo errors causes tracking errors. Confidence information alleviates the problem.
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The test consists of a single person moving from one end of the
corridor to the other. The sequence has been recorded at 15 fps and
processed with and without the confidence map using a total of 40
particles. To avoid using confidence information, we have assumed
that pcðCjðtÞjsjðtÞÞ ¼ 1 (see Eq. (26)) for all the particles. The se-
quence was also manually processed to determine the location of
the person in each frame so that tracking errors can be determined.

Fig. 12 shows the tracking results. The top rows show the like-
lihood Eq. (26) of all the cells map when confidence information is
employed. The location estimated by the tracker has been super-
imposed on the maps as a red box. The bottom rows of Fig. 12
shows the likelihood of the cells map/cell maps when confidence
information is not employed and the tracking result of the algo-
rithms is also superimposed. The tracking errors of the sequence
are shown in Fig. 11 as the difference between the error of the
tracker that does not employ confidence information and the one
that uses it. Therefore, positive values indicate that the version
without confidence has a higher error than the version using con-
fidence information.

Notice in Fig. 12 that when confidence information is not em-
ployed, the likelihood obtained is ‘‘noisy”. As previously explained,
this is because stereo errors create false modes (or phantoms). The
results clearly show that the use of confidence information outper-
forms the tracking results when no confidence information is em-
ployed. This case is not so evident when the person is in the middle
of the corridor. In that case, the confidence of both stereo systems
is similar. However, the tracking error obtained for the version
without confidence information is very high when the person is
near the ends of the corridor. In particular, in frame #360, the
tracking error difference is nearly 1 m (see Fig. 11).

5. Conclusions

This paper has proposed a novel approach for people detection
and tracking using multiple stereo cameras. Our proposal consists
in fusing information from available cameras using plan-view maps.
In this work, we have employed occupancy and height maps in com-
bination with a novel map called the confidence map. The cells of the
confidence map register the reliability of the information projected
in the corresponding cells of the occupancy and height maps. Since
stereo errors increase as the distance to the objects is greater, distant
objects produce a low confidence in the map.

A separate occupancy, height and confidence map is created for
each camera. Information from the maps is then merged into a
global occupancy, height and confidence map. Fusion is carried
out by keeping the most reliable information in each cell, i.e., the
information from the map with higher confidence. However, if only
one camera sees the target, the information from that camera is the
one set in the global maps. Thus, occlusions in one camera can be
effectively solved by the rest of cameras.

The fused maps are employed for detecting and tracking people.
To do so, we use a multiple particle filtering strategy (i.e., a sepa-
rate particle filter is employed for each person). In order to main-
tain multimodality, particles employ an interaction factor that
avoids the coalescence problem. The proposed observation model
combines occupancy, height and confidence information to achieve
robust tracking.

The proposed approach has been tested in numerous experi-
ments in three different scenarios. The results show that tracking
can be done reliably using only 40 particles and with an error of
approximately 0.15 m. Moreover, the tests show that the use of the
proposed confidence map allows the tracking error to be reduced
by employing the information from the most reliable camera.
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