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ABSTRACT

Future service robots will need to keep track of the persons
in their environment. A number of people tracking systems
have been developed for mobile robots, but it is currently
impossible to make objective comparisons of their perfor-
mance. This paper presents a comprehensive, quantitative
evaluation of a state-of-the-art people tracking system for a
mobile robot in an office environment, for both single and
multiple persons.

1. INTRODUCTION

As research robots move closer towards real applications
in populated environments, these systems will require ro-
bust algorithms for tracking people to ensure safe human-
robot cohabitation. The tracking problem is well-known in
computer vision, where there are developed systems used
mostly in surveillance and identity verification. In the case
of mobile robots, these tasks become even more challeng-
ing since the robot is moving and the environment is un-
predictable. Systems that can be used on mobile robots
should be robust (increased noise), adaptive (unknown envi-
ronment), fast (real-time) and non-invasive (normal human
activity is unaffected). Thus many methods from computer
vision cannot be applied directly to mobile robots. Existing
people recognition systems on mobile robots use informa-
tion from range sensors [1], cameras [2, 3] or a combination
of different sensors [4]. However, at present it is impossible
to compare the performance of these methods, due to the
lack of a commonly accepted methodology for quantitative
performance evaluation.

The problem of evaluating tracking systems has been
addressed recently by the computer vision community [5].
The consensus is that there is no single metric that could
indicate sufficiently the quality of the entire system. For
a proper evaluation it is important to use different metrics
quantifying different performance aspects of the system. Ex-
amples of different metrics can be found in [6, 7, 8, 9]. Hav-
ing a good set of performance measures allows to optimise
algorithm parameters, check performance of the tracker for

different kinds of data, quantitatively compare different al-
gorithms, support development of the algorithm, and decide
upon trade-offs between different performance aspects. The
evaluation procedure requires that ground truth information
is available. In the case of video data this is often a difficult,
monotonous and labor demanding process. There were at-
tempts to improve and automate this process by using some
other algorithm to roughly select regions of interest that are
refined later by hand [10], synthesised ground truth data [8],
or systems performing fully automatic evaluation based on
color and motion metrics [9]. One example of a system
providing a set of tools for labelling ground truth data and
metrics for evaluation of results is The Video Performance
Evaluation Resource (ViPER) [6].

This paper presents a thorough evaluation of a people
tracking system for mobile robots using ViPER.

2. EXPERIMENTAL SET-UP

Figure 1: PeopleBot equipped with a thermal camera in a
populated corridor.

Our experimental platform was an ActivMedia People-
Bot mobile robot (Fig. 1) equipped with an array of sen-



sors including a thermal camera (Thermal Tracer TS7302,
NEC). The camera can detect infrared radiation and convert
this information into an image where each pixel corresponds
to a temperature value (see Fig. 2). In our experiments the
visible range on the gray-scale image was equivalent to the
temperature range from24 to 36 ◦C.

The robot was operated in an unconstrained indoor envi-
ronment (a corridor and lab room at our institute). Persons
taking part in the experiments were asked to walk in front
of the robot while it performed two different autonomous
patrolling behaviours: corridor following (based on sonar
readings) and person following (using information from the
implemented tracker), or while the robot was stationary. At
the same time, image data was collected with a frequency of
15Hz. The resolution of the thermal images was320 × 240
pixels.

3. PEOPLE TRACKING SYSTEM

Most vision-based people recognition systems concern non-
mobile applications e.g., surveillance or identity verification
systems, where detection of persons can be solved easily by
background subtraction methods that cannot be applied to
mobile systems. Existing vision-based people recognition
systems on mobile robots typically use skin colour and face
detection algorithms. However these approaches assume the
frontal pose of a person and require that the person is not
too far from the robot. Thermal vision helps to overcome
some of the problems related to colour vision sensors since
humans have a distinctive thermal profile compared to non-
living objects.

To track a person in the thermal image we use a Par-
ticle Filter and a simple elliptic model which is very fast
to calculate. Particle Filters [11], such as the well-known
Condensation algorithm [12] in the field of computer vision,
provide a solution to the state estimation problem. The pop-
ularity of these methods is due to the fact that they can be
used in the case of system non-linearities and multi-modal
distributions.

The probabilityp(Xt|Zt) of a system being in the state
Xt given a history of measurementsZt = {z0, ..., zt} is
approximated by a set ofN weighted samples:

St = {x(i)
t , π

(i)
t }, i = 1...N. (1)

Eachx
(i)
t describes a possible state weighted byπ

(i)
t

which is proportional to the likelihood that the system is
in this state. Particle Filtering consists of three main steps:

1. Create new sample setSt+1 by resampling from the
old sample setSt based on the sample weightsπ

(i)
t , i =
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2. Predict sample states based on the dynamic model
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(i)
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3. Calculate new weights by application of the measure-
ment model: π(i)
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1...N .

The estimate of the system state at timet is the weighted
mean over all sample states:
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N∑

i=1

π
(i)
t x

(i)
t . (2)

Figure 2: The elliptic measurement model used to track peo-
ple in thermal images.

For each sample we use an elliptic contour measure-
ment model to estimate the position of a person in the im-
age: one ellipse describes the position of the body part and
one ellipse measures the position of the head part. There-
fore, we end up with a 9-dimensional state vector:xt =
(x, y, w, h, d, vx, vy, vw, vh) where(x, y) is the mid-point
of the body ellipse with a certain widthw and heighth. The
height of the head is calculated by dividingh by a constant
factor. The displacement of the middle of the head part from
the middle of the body ellipse is described byd. We also
model velocities of the body part as(vx, vy, vw, vh). The
elliptic contour model can be seen in figure 2.

Figure 3: Elliptic model divided into 7 sections.

To calculate the weightπ(i)
t of a samplei with statex(i)

t

we divide the ellipses into different regions (see figure 3)



and for each regionj the image gradient∆j between pixels
in the inner part and pixels in the outer part of the ellipse is
calculated. The gradient is maximal if the ellipses fit to the
contour of a person in the image data. The weightπ

(i)
t is

then calculated as the sum of all gradients multiplied by a
weight factor:

π
(i)
t = W ·

m∑
j=1

∆j (3)

with

W =
m∑

j=1

wj , wj =
{

0 : if ∆j < th
ωj : otherwise

(4)

The valueth defines a gradient threshold and the weights
ωj are chosen in a way that the shoulder parts have lower
weight to minimize the measurement error that occurs due
to different arm positions.

The dynamic model that we use for the Particle Filter is
a simple random walk: we model a movement with constant
velocity plus small random changes. This value depends
heavily on the speed of changes in the sensor data which is
affected both by the frequency of the sensor and person’s
dynamic. Our approach to track the contour of a person in
the image is similar to the work by Isard and Blake [12] for
tracking people in a grey image. However, they use a spline
model of the head and shoulder contour which cannot be
applied in our case because in situations where the person
is far away or visible in a side view, there is no recognisable
head-shoulder contour. The elliptic contour model is able to
cope with these situations. The second advantage of using
our contour model is that it can be calculated very quickly
due to the fact that we measure only differences between
pixel values on the inner and outer part of the ellipse.

The above considerations concern a single person sce-
nario. When multiple persons appear on the scene another
issue arises since it is not clear which observation corre-
sponds to which person (the so-called data association prob-
lem), and persons may also occlude each other. In our case
we used a set of independent particle filters to track differ-
ent persons. In our system, a detection set ofN randomly
initialized particles is used to “catch” a new person entering
the scene. Detection occurs when the average fitness of the
particles exceeds a certain threshold in a few (3) consecu-
tive frames. An independent particle filter is then assigned
to each detected person, so the total number of particles
used is(1 + M) · N , where M is the number of persons
detected. To avoid multiple detections in the same or simi-
lar regions the weight of detection particles is penalised in
the case where they cross already detected areas. Methods
based on independent trackers are computationally inexpen-
sive but suffer in cases when tracked objects are too close.
To reduce these problems we penalise the weight of those
particles that intersect with other regions.

4. EVALUATION

This section presents the evaluation methodology used in
our experiments. First we describe the format and process
of acquiring ground truth data, then the metrics used for
evaluation and finally experimental results.

4.1. Ground Truth

Our system was tested on the data collected by the robot
during several runs. The acquisition procedure was planned
such that it covered a diverse variety of possible scenarios
including different persons with different behaviours and
also different behaviours of the robot (45 tracks using per-
son following, 13 tracks using corridor following and 7 tracks
with a stationary robot). In total we obtained 65 different
tracks including 17 different persons (11269 images with
at least one person and 14059 images in total). To ob-
tain the ground truth data we used results from a flood-fill
segmentation algorithm corrected afterwards by hand using
the ViPER-GT tool [6]. In our case we considered only a
bounding box around a person. The top and bottom edges
were determined from the contours of the head and feet
while the sides were specified by the maximum width of
the torso (without arms). The cases when persons appeared
too close (< 3m) or too far (> 10m) to the robot were not
taken into account. This type of ground truth information
is just an approximation, and the quality of this process is
affected by factors such as the natural blurred appearance
of a person in the image, noise caused by the movement of
the robot and also the skill of the person labelling the data.
The size of the bounding box generated by the system was
specified as2 ∗ width and3 ∗ height of the elliptic model,
which is an approximation to the proportions of the human
body.

4.2. Performance Metrics

There are several different metrics that can be used to eval-
uate a tracking system and the best way is to combine them.
Here we present metrics that indicate temporal correspon-
dence of the tracks and quality of detection and localisation.
Detection and localisation metrics are specified for a sin-
gle frame and the final results are weighted average values
calculated for all frames. We refer to ground truth objects
as target objects and objects detected by the algorithm as
candidate objects. All these metrics were calculated by the
VIPER-PE tool set [6].

4.2.1. Temporal Metrics

In this case we consider time ranges of candidate and target
objects. Time range is defined as a consistent sequence of



detections forming one track. For a given pair of the tar-
get rangeRT and candidate rangeRC we can calculate the
following metrics:

• Overlap coefficient (OC):

OC =
|RT ∩ RC |

|RT |
. (5)

This metric measures the fraction of frames in the tar-
get range which are also in the candidate range.

• Dice coefficient (DC):

DC =
2 ∗ |RT ∩ RC |
|RT | + |RC |

. (6)

This metric indicates the number of frames that the
target and candidate ranges have in common but also
penalises any extra frames that are not common.

4.2.2. Detection Metrics

These metrics take into account all candidate object detec-
tions regardless of how well they match a target. For each
frame the number of target objects is denoted byNT and
number of candidate objects byNC .

• Object Count Recall (OCR):

OCR =
NC

NT
. (7)

This metric indicates how well an algorithm counts
objects.

• Object Count Precision (OCP):

OCP =
NT

NC
, (8)

is a counter-metric toOCR and corresponds to the
false detection ratio.

• Object Count Accuracy (OCA):

OCA =
2 ∗ min(NT , NC)

NT + NC
(9)

This metric is applied to check the accuracy of de-
tection. It penalises both missing recalls (false nega-
tives) and false alarms (false positives).

4.2.3. Localisation Metrics

These metrics express relations between areas correspond-
ing to candidate objectsAC and target objectsAT . The final
result is a weighted average of all frames.

• Object Area Recall (OAR):

OAR =
|AT ∩ AC |

|AT |
. (10)

This metric measures the proportion of each target
object area covered by the corresponding candidate
object. Recall is calculated for each target object and
averaged for the whole frame.

• Box Area Precision (BAP):

BAP =
|AT ∩ AC |

|AC |
. (11)

This metric is a counter-metric toOARand it exam-
ines areas of candidate objects instead. Precision is
computed for each candidate object and averaged for
the whole frame.

• Area Dice Coefficient (ADC):

ADC =
2 ∗ |AT ∩ AC |
|AT | + |AC |

. (12)

This metric is equivalent to the temporal dice coeffi-
cient (DC). This metric measures how well an algo-
rithm covers the target object areas but also penalises
areas that are not common.

All of the mentioned metrics are normalised to give per-
centages. If the nominator is greater than denominator the
result is 100. If the denominator is0 then the result is unde-
fined.

4.3. Results

We checked the performance of the system with respect to
different parameters including number of particles, percent-
age of samples used in the resampling step and the per-
centage of best samples used for calculating the weighted
mean. As default values we chose 1000 particles,90% of
re-initialised samples and30% of best samples used for cal-
culation of the weighted mean. Tables 1, 2 and 3 show per-
centage results using the default values with one of the pa-
rameters chosen as an independent variable.

Table 1 shows the results for different numbers of sam-
ples (particles) for the single person case. The quality of
tracking increases with the number of samples and satisfac-
tory results can be obtained with 300 particles. With more
than 1000 samples the quality of tracking saturates and there
is no significant improvement in results. With less than 200
samples the tracker often loses tracks and estimates about
position are inaccurate.

To reduce degeneracy of particles a proportion of all
samples are re-initialised at every step of the particle filter.



Number of particles
Metric 100 200 300 500 1000 2000 5000
OC 83.8 90.3 92.5 93.1 93.2 93.5 93.8
DC 91.0 94.8 96.0 96.4 96.4 96.6 96.8
OCR 86.0 93.3 95.2 95.6 95.9 96.1 96.4
OCP 98.7 98.3 98.4 98.5 98.3 98.3 98.4
OCA 92.2 96.4 97.3 97.5 97.6 97.7 97.8
OAR 58.0 64.7 65.9 66.7 67.4 68.2 68.4
BAP 81.5 81.0 80.9 80.6 80.4 80.3 80.4
ADC 65.8 70.2 71.1 71.7 72.2 72.7 72.9

Table 1: Performance results for different number of parti-
cles (a single person case).

Percent of all particles
Metric 95 90 85 80 70 60 50
OC 93.2 93.2 93.1 93.1 92.4 90.1 84.2
DC 96.4 96.4 96.4 96.4 96.0 94.7 90.6
OCR 96.0 95.9 95.8 95.6 94.7 92.4 85.8
OCP 98.3 98.3 98.4 98.4 98.6 98.7 99.0
OCA 97.6 97.6 97.6 97.5 97.1 95.9 91.6
OAR 67.2 67.4 67.9 67.3 66.7 65.4 61.5
BAP 80.2 80.4 80.4 81.1 81.4 81.7 82.0
ADC 71.9 72.2 72.6 72.4 72.2 71.5 68.9

Table 2: Performance results for different percentage of re-
sampled particles (a single person case).

The rest of the particles are used in the resampling step, and
this proportion was a second parameter in our experiments.
Results in Table 2 indicate low sensitivity of the tracker to
changes of this variable. Values below70% are not advis-
able and the best results were obtained for85% of all sam-
ples. This means that the effects of degeneracy of particles
play a minor role in our system. To increase robustness of
the system to outliers, instead of calculating estimates from
all samples we chose a proportion of the samples with the
best weights. This variable was a third parameter and re-
spective results are presented in Table 3. A smaller number
of samples used for calculating the weighted mean increases
tracker robustness but the quality falls in cases of less than
20%.

We also checked the system for tracking multiple per-
sons. Figure 5 gives an overview of the data set used in our
experiments. It consists of a sequence with multiple persons
(up to four at the same time) that enter and leave the scene,
interact and occlude each-other. We used the same default
parameters as in the single person case with the exception
that 1000 particles were used as a detection set and 1000 ad-
ditional particles were used to track each person detected.

In comparison with the single person case there is a sig-

Percent of all particles
Metric 5 10 15 20 30 40 50
OC 93.4 93.7 93.8 93.5 93.2 92.1 88.3
DC 96.5 96.7 96.8 96.6 96.4 95.8 93.5
OCR 98.3 98.3 98.1 97.9 97.6 97.0 94.7
OCP 98.0 97.7 97.1 96.6 95.9 94.6 90.5
OCA 96.9 97.4 97.8 98.0 98.3 98.5 98.7
OAR 66.6 67.8 67.7 67.7 67.4 66.5 64.2
BAP 77.4 78.2 78.9 79.7 80.4 81.3 81.8
ADC 70.0 71.3 71.5 71.9 72.2 72.0 70.9

Table 3: Performance results for different percentage of par-
ticles with the best weights used for calculating state esti-
mates (a single person case).

Figure 4: Time ranges of different tracks of persons in a
multi-person sequence. The vertical axis corresponds to the
number of a person and horizontal axis to a time stamp in
the sequence (time range between 1-3677). This figure was
extracted from the VIPER-GT tool.

nificant deterioration in the performance of the system (see
results in Figure 5) due to fragmentation of the tracks caused
by crossings and occlusions and the increased number of
persons. Despite this the tracker detection performance is
satisfactory. Slightly decreased detection rates are due to
the sequential nature of the detector.

Generally the tracking system based on the thermal ap-
pearance of a person minimizes false alarms especially well.
The performance of localisation is affected strongly by the
fact that we are considering bounding boxes around a per-
son, which results in low recall values especially in the case
of distant persons. The use of a fast-to-calculate elliptic
model results in low computational requirements. One it-
eration of the tracking algorithm using 300 particles on an
AthlonXP 1600 processor requires only 11ms.



Metric Result
OC 79.0
DC 85.3
OCR 90.9
OCP 95.2
OCA 92.8
OAR 51.7
BAP 83.5
ADC 56.8

Figure 5: Left figure: performance results obtained in the
multi-person case. Right figure: a thermal image with three
detected persons.

5. CONCLUSIONS AND FUTURE WORK

In this paper we presented a vision-based people tracking
system for mobile robots and provided a thorough evalua-
tion of its performance. The system uses a robust and fast
tracking method based on a particle filter and a thermal con-
tour model. We determined the optimal values of differ-
ent system parameters. The quality of tracking depends on
the number of particles used. The presented results allow
for further investigation of the proposed system but also for
comparison with other systems or data sets. The results in-
dicate a good detection performance and consistent tracking
in the case of single persons. The accuracy of localisation
could be improved by using a more sophisticated model in-
corporating other features (e.g., based on the integral im-
age). The tracker is also able to detect and track multiple
persons. The performance of the tracking system here de-
pends heavily on the intensity of interaction between per-
sons (crossings and occlusions). The tracker tends to eas-
ily lose the track in such cases but it recovers quickly from
tracking failures. Other multi-target tracking methods could
improve the tracking quality, but due to the limitations of
the thermal model (similar appearance of different persons
in the thermal image), the problem of consistency of tracks
under occlusion would remain. One way to solve this prob-
lem would be to incorporate other cues such as colour ap-
pearance models of persons.
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