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Abstract

One of the goals in the field of mobile robotics is the development
of mobile platforms which operate in populated environments. For
many tasks it is therefore highly desirable that a robot can track
the positions of the humans in its surrounding. In this paper we
introduce sample-based joint probabilistic data association filters
as a new algorithm to track multiple moving objects. Our method
applies Bayesian filtering to adapt the tracking process to the number
of objects in the perceptual range of the robot. The approach has been
implemented and tested on a real robot using laser-range data. We
present experiments illustrating that our algorithm is able to robustly
keep track of multiple people. The experiments furthermore show that
the approach outperforms other techniques developed so far.

KEY WORDS—multi-target tracking, data association, par-
ticle filters, people tracking, mobile robot perception

1. Introduction

The problem of estimating the positions of moving objects
has become an important problem in mobile robotics. Over
the last years, several mobile robots have been deployed in
populated environments such as office buildings (Arras and
Vestli 1998; Asoh et al. 1997; Horswill 1993; Simmons et al.
1997), supermarkets (Endres, Feiten, and Lawitzky 1998),
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hospitals (Engelberger 1993), and museums (Burgard et al.
1999; Thrun et al. 1999). Knowledge about the position and
the velocities of moving people can be utilized in various ways
to greatly improve the behavior of such systems. For example,
this information allows a robot to adapt its velocity to the
speed of people in the environment. Being able to distinguish
between static and moving objects can also help to improve
the performance of map-building algorithms (Héhnel, Schulz,
and Burgard 2002). It enables a robot to improve its collision
avoidance behavior in situations in which the trajectory of the
robot crosses the path of a human (Tadokoro et al. 1995). And
of course, being able to keep track of people is an important
prerequisite for other man—machine interaction capabilities.

Unfortunately, the problem of estimating the position of
multiple moving objects with a mobile robot is significantly
harder than estimating the state of a single object. First, we
also have to solve the problem of estimating the number of
objects that are currently in the field of view. Furthermore,
the update process is harder since observations may result
in ambiguities, features may not be distinguishable, objects
may be occluded, or there may be more features than objects.
Thus, a system that is able to track multiple moving objects
or people must be able to estimate the number of objects and
must be able to solve the problem of assigning the observed
features to the objects being tracked.

In this paper we present a probabilistic method for tracking
multiple moving objects with a mobile robot. This technique
uses the robot’s sensors and a motion model of the objects
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being tracked in order to estimate their positions and veloc-
ities. In particular, we introduce sample-based Joint Proba-
bilistic Data Association Filters (SJPDAFs) which combine
the advantages of sample-based density approximations with
the efficiency of Joint Probabilistic Data Association Filters
(JPDAFs).

JPDAFs (Bar-Shalom and Fortmann 1988; Cox 1993) are
a popular approach to tracking multiple moving objects. They
compute a Bayesian estimate of the correspondence between
features detected in the sensor data and the different objects
to be tracked. Like virtually all existing approaches to track-
ing multiple targets, they apply Kalman filters to estimate the
states of the individual objects. While Kalman filters have
been shown to provide highly efficient state estimates, they
are only optimal for unimodal Gaussian distributions over the
state to be estimated. More recently, particle filters have been
introduced to estimate non-Gaussian, non-linear dynamic pro-
cesses (Gordon, Salmond, and Smith 1993; Pitt and Shephard
1999). They have been applied with great success to differ-
ent state estimation problems including visual tracking (Black
and Jepson 1998; Isard and Blake 1996), mobile robot local-
ization (Dellaert et al. 1999; Fox et al. 1999, 2001; Gross,
Boehme, and Konig 2002; Lenser and Veloso 2000; Monte-
merlo et al. 2002; Montemerlo, Thun, and Whittaker 2002;
Murphy and Russell 2001; Vlassis, Terwijn, and Krose 2002;
Wolf, Burgard, and Burkhardt 2002) and dynamic probabilis-
tic networks (Kanazawa, Koller, and Russell 1995). The key
idea of particle filters is to represent the state by sets of sam-
ples (or particles). The major advantage of this technique lies
in the ability to represent multi-modal state densities, a prop-
erty which has been shown to increase the robustness of the
underlying state estimation process (Gutmann et al. 1998).
However, most existing applications deal with estimating the
state of single objects only. One way to apply particle filters
to the problem of tracking multiple objects is to estimate the
combined state space. Unfortunately, the complexity of this
approach grows exponentially with the number of objects to
be tracked and is therefore limited to a small number of objects
only.

In contrast, SJPDAFs combine the advantages of parti-
cle filters with the efficiency of existing approaches to multi-
target tracking; STPDAFs use particle filters to track the states
of the objects and apply JPDAFs to assign the measurements
to the individual objects. Instead of relying on Gaussian distri-
butions extracted from the sample sets as proposed by Gordon
(1997), our approach applies the idea of JPDAFs directly to
the sample sets of the individual particle filters. To adapt the
SJPDAFs to the different numbers of objects in the robot’s sen-
sor range, our approach maintains a probability distribution
over the number of objects being tracked. The robustness of
the overall approach is increased by applying a motion model
of the objects being tracked. Furthermore, it uses different
features extracted from consecutive sensor measurements to
explicitly deal with occlusions. In this way, our robot can re-

liably keep track of multiple people even if they temporarily
occlude each other.

This paper is organized as follows. After discussing related
work in the next section, we introduce the general concept of
SJPDAFs in Section 3. In Section 4 we describe our approach
to estimate the number of objects and to adopt the number
of particle filters accordingly. In Section 5, we present our
application to features extracted from proximity information
provided by a robot’s laser range-finders. In Section 6 we
describe several experiments carried out on a real robot and
in simulations. The experiments illustrate the capabilities and
the robustness of our approach.

2. Related Work

Several approaches for tracking human motions have been
developed over the last years; see Aggarwal and Cai (1999)
for an overview. The most widely used approach is visual
tracking. The existing techniques mainly differ in the features
or models they use to extract people from images. For ex-
ample, Darell, Moghaddam, and Pentland (1996) describe an
approach that relies on a fixed background to locate the per-
son. The background image is subtracted to obtain a contour of
the person. Other approaches (Wren et al. 1997) rely on color
for tracking. Rasmussen and Hager (1998) additionally track
different parts of a person independently using an extension
of the JPDAF, which takes body constraints into account.

Cox and Hingorani (1996) use the Multiple Hypothesis
Tracking (MHT) algorithm to track corner edge features with
a moving camera. In contrast to the JPDAF, which maintains
a single filter for each object over time, the MHT algorithm
expands an exponentially growing tree of Kalman filters ac-
cording to the possible correspondences of objects to features.
Efficient implementations make use of the polynomial time
algorithm in order to prune this tree to the most likely branches
(Cox etal. 1997). However, the copying of the filters involved
prohibits an efficient sample-based implementation.

A combination of a particle filter with joint probabilistic
techniques has also been proposed by MacCormick and Blake
(1999). Similar to our approach, they employ joint probabilis-
tic data association to deal with occlusion and clutter. They
use a single particle filter to estimate the joint state space of
a constant number of objects. To partly mitigate the problem
of the exponential growth of the state space, they introduce
partitioned sampling and obtain a robust estimate of the com-
bined state space of two objects using a moderate sample set
size. In contrast to this, our method tracks a varying number
of objects independently.

Additionally, there is a variety of vision-based techniques
for tracking people with mobile robots (Beymer and Konolige
2001; Kahn et al. 1996; Kortenkamp, Huber, and Bonasso
1996; Waldherr et al. 1998). Existing approaches use color
tracking, a mixture of features, or stereo vision to identify

Downloaded from ijr.sagepub.com at RUTGERS UNIV on April 4, 2015


http://ijr.sagepub.com/

single people and eventually their gestures. However, they do
not apply any filtering techniques to keep track of the people.

Furthermore, there are tracking algorithms for mobile
robots that use range sensors instead of vision. For example,
Kluge, Koehler, and Prassler (2001) describe an approach to
estimate moving obstacles with an autonomous wheelchair.
However, they do not apply a motion model to the objects
so they cannot reliably keep track of individual objects over
time and they do not deal with occlusions or other detec-
tion failures. A recent work by Montemerlo, Thun, and Whit-
taker (2002) addresses the problem of simultaneous localiza-
tion and people tracking using range sensors. Montemerlo
et al. use conditional particle filters to incorporate the robot’s
uncertainty about its position. In their method they apply a
nearest-neighbor approach to solve the data association prob-
lem. Our approach presented here provides a more robust
method to solve the data association problem using sample-
based JPDAFs instead of a nearest-neighbor solution. Fod,
Howard, and Matari¢ (2002) present an approach to track
multiple moving people within a workspace using statically
mounted laser range-finders. They use Kalman filters to keep
track of objects during temporary occlusions. Finally, Lind-
strom and Eklundh (2001) describe an approach for tracking
moving objects from a mobile platform that uses Gaussian
hypotheses. Both approaches perform the data association on
a nearest-neighbor basis.

There have also been several works on determining the
best actions of mobile platforms in order to keep track of
moving targets. Lavalle et al. (1997) describe a probabilistic
algorithm that maximizes the probability of future observabil-
ity of a moving target from a mobile robot. Gonzéilez-Bafios,
Lee, and Latombe (2002) especially focus on the problem of
tracking a moving target in the presence of obstacles. Addi-
tionally, Parker (1997), Jung and Sukhatme (2002), Pirjanian
and Matari¢ (2000), and Murrieta-Cid, Gonzalez-Bafios, and
Tovar (2002) present distributed approaches to control a team
of mobile robots in order to maximize the visibility of mov-
ing targets. Whereas the focus of these approaches lies in the
generation of appropriate actions of mobile robots to keep
track of moving targets, the work presented in this paper is
designed to provide a technique maintaining a belief about
the positions of the targets being tracked.

Recently, several authors have presented techniques for
learning motion patterns or for predicting the motions of peo-
ple (Bennewitz, Burgard, and Thrun 2002; Bui, Venkatesh,
and West 2001; [llmann, Kluge, and Prassler 2002; Zhu 1991).
Furthermore, several authors have investigated the problem
of improving collision avoidance given the information about
moving objects. For example, Tadokoro et al. (1995) use a
given probabilistic model of typical motion behaviors in order
to predict future poses of the people and to adapt the actions
of the robot accordingly. Kruse and Wahl (1998) employ peo-
ple tracking using a ceiling mounted camera. Their approach
learns where people walk within a given environment. This
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information is used to adapt the robot’s navigation plans ac-
cording to the typical behavior of the people operating in the
environment. The main contributions of all these techniques
rather lie in a solution to the problem of how to process the
information obtained from a tracking system and not on how
to actually track the people.

3. Sample-based Joint Probabilistic Data
Association Filters

To keep track of multiple moving objects we generally have
to estimate the joint probability distribution of the state of all
objects. This, however, is intractable in practice already for a
small number of objects since the size of the state space grows
exponentially with the number of objects. To overcome this
problem, a common approach is to track the different objects
independently, using factorial representations for the individ-
ual states. A general problem in this context is to determine
which measurement is caused by which object. In this paper
we apply JPDAFs (Cox 1993) for this purpose. In what fol-
lows we first describe a general version of JPDAFs and then
our sample-based variant.

3.1. Joint Probabilistic Data Association Filters

Consider the problem of tracking 7 objects. X* =
{xf, ..., xk} denotes the state of these objects at time k. Note
that each x* is arandom variable ranging over the state space of
a single object. Furthermore, let Z(k) = {z,(k), ... , z,, (k)}
denote a measurement at time k, where z; (k) is one feature of
such a measurement. Z* is the sequence of all measurements
up to time k. The key question when tracking multiple ob-
jects is how to assign the observed features to the individual
objects.

In the JPDAF framework, a joint association event 6 is a set
of pairs (j,i) € {0, ... ,m} x {1,..., T}. Each 0 uniquely
determines which feature is assigned to which object. Please
note that, in the JPDAF framework, the feature z,(k) is used
to model situations in which an object has not been detected,
i.e., no feature has been found for objecti. Let ® ;; denote the
set of all valid joint association events which assign feature j
to the object i. At time k, the JPDAF computes the posterior
probability that feature j is caused by object i according to

Bi = Y PO|Z". (1)

0€0 i

Under the assumption that the estimation problem is Marko-
vian and using the law of total probability we can compute
the probability P(6 | Z*) of an individual joint association
event as

PO|Z) = PO |LK),Z @)

= / PO | Zk), Z", X pXF | Z(k), Z ") dXF (3)
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= / PO | Z(k), X")p(X* | Z(k), Z}") dX*. 4)

According to eq. (4) we need to know the state of the ob-
jects in order to determine the assignments 6. On the other
hand, we need to know 8 in order to determine the position of
the objects. A common approach to overcome this “chicken-
and-egg problem” is to apply an incremental approach. The
key idea is to approximate p(X* | Z(k), Z*~") by the belief
p(X* | Z*=") about the predicted state of the objects, i.e., the
prediction computed using all measurements perceived before
time-step k. Accordingly, we obtain

P(e|zk)w/P(9|Z(k),xk)p(xk|zk*‘)dxk. 5)

=« /P(Z(k) |6, X" P@ | X" pXt | Z1) dX-.
(6)

Here o is a normalizer ensuring that P (6 | Z*) sums up to one
over all 8. The term P (0 | X¥) corresponds to the probability
of the assignment 6 given the current states of the objects.
Throughout this paper we make the assumption that all as-
signments have the same likelihood so that this term can be
approximated by a constant. Throughout our experiments we
did not observe evidence that this approximation is too crude.
However, we would like to refer to Cox and Hingorani (1996)
for a better approximation of this quantity.

The term P(Z(k) | 6, X*) denotes the probability of mak-
ing an observation given the state of the objects and a specific
assignment between the observed features and the objects. In
order to determine this probability, we have to consider the
case that a feature is not caused by any of the objects. We call
these features false alarms. Let y denote the probability that an
observed feature is a false alarm. The number of false alarms
contained in an association event 0 is given by (m;, — |0]).
Then y ™~1%) ig the probability assigned to all false alarms in
Z(k) given 6. All other features are uniquely assigned to an
object. Making the assumption that the features are detected
independently of each other, we obtain

P(Z(k) | . X") =y T] /

(j.i)eo
p(z; (k) | x) px | Z) dxf. ()

By inserting eq. (7) into eq. (6), using the assumption that
P (0 | X¥) is constant, and after inserting the result into eq. (1)
we obtain

IBji=Z

0€0;;

|:a v T / p(z; (k) | X)) p(xlek‘Wde] ®)

(.)€l

Note, that in principal we have to consider an exponential
number of possible associations in this summation, which
would make the approach intractable for a larger number of
objects. To overcome this problem, we do not consider joint
association events which contain assignments of negligible
likelihood p(z;(k) | x¥)). This technique is known as gating
and is also applied by the standard JPDAF (Bar-Shalom and
Fortmann 1988).

It remains to describe how the beliefs p(x¥) about the states
of the individual objects are updated. In the standard JPDAF
it is generally assumed that the underlying densities can be
accurately described by their first and second moment, and
Kalman filtering is applied to update these densities. In the
framework of Bayesian filtering, the update equation for the
prediction of the new state of an object is

Pt | ZY) = / PO X 1) pa | ZE) de, (9)

where ¢ denotes the time expired since the previous update.
Whenever new sensory input arrives, the state is corrected
according to

P ZY = o p(Zk) | x5 p(xE | ZF7), (10)

where, again, « is a normalization factor. Since we do not
know which of the features in Z(k) is caused by object i,
we integrate the single features according to the assignment
probabilities B;;

PN ZY =a Y Bup;k) | xH) pxi [ 2. (11)

j=0

Thus, all we need to know are the models p(xf.‘ | xf", t) and
p(z;(k) | x¥). Both depend on the properties of the objects
being tracked and the sensors used. One additional important
aspect is how the distributions p(x}) over the state spaces of
the individual objects are represented.

An update cycle of JPDAFs can be summarized as follows.
First, the individual states x} are predicted based on the previ-
ous estimates and the motion model of the objects. This pre-
diction is computed using eq. (9), which yields distributions
p(xf | ZF"). Then, eq. (8) is used to determine the associa-
tion probabilities B;;. Finally, these association probabilities
are used to integrate the observations into the individual state
estimates (eq. (11)).

3.2. The Sample-based Approach

In most applications to target tracking, Kalman filters and
hence Gaussian distributions are used to track the individual
objects. In our approach, we use particle filters to estimate
the states of the individual objects. An excellent overview of
particle filters can be found in Doucet, de Freitas, and Gordon
(2001). The key idea underlying all particle filters is to repre-
sent the density p(x* | Z*) by a set S of N weighted, random

Downloaded from ijr.sagepub.com at RUTGERS UNIV on April 4, 2015


http://ijr.sagepub.com/

samples or particles s{,(n = 1...N). A sample set consti-
tutes a discrete approximation of a probability distribution.
Each sample is a tuple (x},, w},) consisting of state x;, and
an importance factor wf, . The prediction step of Bayesian fil-
tering is realized by drawing samples from the set computed
in the previous iteration and by updating their state according
to the prediction model p(x! | x{', #). In the correction step,
ameasurement Z(k) is integrated into the samples obtained in
the prediction step. According to eq. (11) we have to consider
the assignment probabilities §;; in this step. To determine §;;,
however, we have to integrate over the state x*, weighted by
the probability p(xf | Z*'). With the sample-based repre-
sentation, this integration can be done by summing over all
samples generated after the prediction step:

Bi=_ [a y™ T %Zp(z,-(k) | x,f,l)] (12)

0€0 i (j,i)eo n=1

Given the assignment probabilities we now can compute
the weights of the samples
i
wh,=a Y Bupk) | xf,),

Jj=0

13)

where « is a normalizer ensuring that the weights sum up to
one over all samples. Finally, we obtain N new samples from
the current samples by bootstrap resampling. For this purpose
we select every sample x/, with probability w?

in°

4. Estimating the Number of Objects

The JPDAF assumes that the number of objects to be tracked
is known. In practical applications, however, the number of
objects often varies over time. For example, when a mobile
robot is moving in a populated environment, the number of
people in the perceptual field of the robot changes frequently.
We deal with this problem by additionally maintaining a dis-
tribution P(N* | M¥) over the number of objects N* at time
k, where M* = my,, ..., m; is the sequence of the numbers
of features observed so far. Using the Bayes rule, we have

P(N* MY = «-P@m | N, MY . P(NY | M.

Under the assumption that, given the current number of ob-
jects, the number of observed features is independent of the
number of previously observed features, we obtain

P(N* MY = «-P@n | N P(N* | M.

Using the law of total probability, and given the assumption
that N* is independent of M*~! given N*~! we have

P(N* | MY =« - P(m; | N

Y [PWN* | N =n)

n

PN =n | M. (14)
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As a result, we obtain a recursive update procedure for
P(N* | M¥), where all we need to know are the quantities
P(m; | N¥) and P(N* | N*"). The term P (m, | N*) repre-
sents the probability of observing m;, features, if N* objects
are in the perceptual field of the sensor. In our current im-
plementation, which uses laser range-sensors, we learned this
quantity from a series of 5100 range scans, recorded during a
simulation experiment, where up to 10 objects were placed at
random locations within the robot’s surrounding. The result-
ing density is depicted in Figure 1. In this figure, the values
on the diagonal represent the probability that the system ob-
serves the same number of features as there are objects. Values
to the left of the diagonal correspond to the probability of false
alarms. Furthermore, values to the right of the diagonal are
the probability of observing a specific number of missing fea-
tures given the number of objects N*. Please note that the
probability of an occlusion and therefore of a missing feature
increases with the number of objects. Accordingly, the more
objects there are in the perceptual field of the robot, the more
likely it becomes that a feature is missing. Thus, the result-
ing distribution shown in Figure 1 does not correspond to a
straight line lying on the diagonal. The term P(N* | N*°1)
specifies how the number of objects changes over time. In our
system we model arrivals of new objects and departures of
known objects as Poisson processes.

To adapt the number of objects in the SIPDAF, our system
uses the maximum likelihood estimate of P(N* | M¥). If the
number of particle filters in the SJPDAF is smaller than the
new estimate for N*, new filters need to be initialized. In our
current system we initialize the new filters by drawing sam-
ples from a uniform distribution over the state space. We then
rely on the SJPDAF to disambiguate this distribution during
subsequent filter updates. This turned out to work reliably in
practice. In the alternative case that the new estimate for N*
is smaller than the current number of particle filters, some of
the filters need to be removed. This, however, requires that we
know which filter no longer tracks an object. To estimate the
tracking performance of a sample set, we accumulate a dis-
counted average Wik of the sum of sample weights W/ before
the normalization step:

W= (1 -8 W' + sWF (15)
Since the sum of sample weights decreases significantly
whenever a filter is not tracking any feature contained in the
measurement, we use this value as an indicator that the cor-
responding object has left the perceptual field of the robot.
Whenever we have to remove a filter, we choose the one with
the smallest discounted average Wik.

5. Application to Laser-based People Tracking
with a Mobile Robot

In this section we describe the application of the SJPDAF to
the task of tracking people using the range data obtained with
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Fig. 1. The sensor model P (m, | N*) specifying the probability of observing m, features, if N* objects are in the perceptual

range of the sensor.

Fig. 2. The RWI B21 robot Rhino used for the experiments.

a mobile robot. The states of the people are represented by
quadruples (x, y, ¢, v), where x and y correspond to the po-
sition relative to the robot, ¢ is the orientation, and v is the
walking speed of the person. The experiments were carried
out using our mobile platform Rhino, an RWI B21 robot (see
Figure 2). This robot is equipped with two laser range-finders
mounted at a height of 40 cm. Each scan of these two sensors
covers the whole surrounding of the robot at an angular res-
olution of 1°. To robustly identify and keep track of people,
our system uses a combination of different features. In the
remainder of this section we describe how we use the data
obtained with the range scanners to generate the features that
are the input to the SJPDAF.

Typically, people walking in the sensor range of the laser
scanner result in local minima in the distance histograms.

Therefore, we compute a set of two-dimensional position
probability grids, one for each local minimum, containing in
each cell the probability P(legs'; ,) that a person’s legs are at
position (x, y) relative to the robot. The left image of Figure 3
shows a typical range scan with three local minima. An over-
lay of the histograms computed based on these local minima
is shown in the center image of Figure 3.

Unfortunately, there are other objects in typical office en-
vironments which produce patterns similar to people. Con-
sider, as an example, the situation shown in the left image
of Figure 3. In this situation two people passed the robot and
caused two local minima in the distance histogram of the range
scan. The third minimum, however, is caused by a trash bin
placed in the center of the corridor. To deal with this problem
our system additionally considers the changes in consecutive
scans. We compute local occupancy grid maps (Moravec and
Elfes 1985) for each pair of consecutive scans. Based on these
occupancy grids we compute the probability P(new’;r ,) that
something moved to location (x, y):

P(newﬁvy) = P(occ,, | Z(k)) - (1 — P(occ,, | Z(k — 1))).

Because the local maps P(occ, , | Z(k)) are built while the
robot is moving, we first align the maps using a standard scan-
matching technique (Lu and Milios 1994). Figure 4 shows
two subsequent and aligned local grids and the resulting grid
representing P (new; ).

To compute the importance factors of the samples in the
correction step of the particle filter, we combine the differ-
ence grid and the position probability grid of each feature
z;(k),1 < j < my to compute p(z;(k) | x;,(k)). Under the
assumption that the probabilities are independent, we have

P(z;(k) | xf,) = P(legsivn) - P(new; ). (16)

Additionally we have to compute the likelihood p(zy(k) |
x;.(k)), that the person represented by a sample x;,(k) has
not been detected in the current scan. This can be due to fail-
ure in the feature extraction or due to occlusions. The first

Downloaded from ijr.sagepub.com at RUTGERS UNIV on April 4, 2015


http://ijr.sagepub.com/

Schulz et al. / People Tracking with Mobile Robots 105

S

4

. ———

4

Fig. 3. Typical laser range-finder scan. Two of the local minima are caused by people walking by the robot (left image).
Feature grid extracted from the scan representing the corresponding probability densities P(legs’;_},) (center). Occlusion grid

representing P(occludedf,y) (right).
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Fig. 4. From left to right, top-down: the current occupancy map P(occ,, | Z(k)); the previous occupancy map P (occ, , |
Z(k — 1)); the resulting difference map P(newf(,y); and the fusion of the difference map with the feature maps for the scan

depicted in Figure 3.

case is modeled by a small constant value in all cells of the
position and difference grids. To deal with possible occlu-
sions we compute the so-called “occlusion map” containing
for each position in the surrounding of the robot the proba-
bility P(occludedﬁyv) that the corresponding position is not
visible given the current features extracted in the first step.
The resulting occlusion map for the scan shown on the left of
Figure 3 is depicted in the right image of Figure 3. To deter-
mine P (z,(k) | x;,(k)) we use this occlusion map and a fixed
feature detection failure probability P (—Detect):

P(zy(k) | x;,(k)) = P(occluded;” Vv —Detect). (17

Additionally, we employ information about static objects
visible in the current laser scan to avoid samples ending up
inside objects or moving through objects. For this purpose, we
compute an occupancy probability grid from the static part of
the current scan, i.e., using all beams that do not correspond
to a moving feature. Based on this grid we reject motions of
samples that do not entirely lead through free space.

6. Experimental Results

We have implemented the SJPDAF and applied it to track-
ing people with our mobile robot Rhino (see Figure 2). The
current implementation is able to integrate laser range-scans
at a rate of 3 Hz. We carried out a series of real-robot and
simulation experiments. During the experiments, the robot
was moving with speeds of up to 40 cm s™'. Because the
ground truth information about the positions of people is hard
to obtain, we additionally carried out simulation experiments
using a B21 simulator. In these experiments 1000 samples

were used for each particle filter and the false alarm proba-
bility y was set to 0.1. To model the motions of people we
assume that a person changes walking direction and walking
speed according to Gaussian distributions. The translational
velocity is assumed to lie between 0 and 150 cm s~!'. The
goal of the experiments described in this section is to demon-
strate that SJPDAFs can robustly and accurately keep track of
a varying number of moving objects. They also illustrate that
using our features, the STPDAF can track multiple people even
from a moving robot and even if people temporarily occlude
each other. Additionally, we compare SJPDAFs to standard
JPDAFs and demonstrate that STPDAFs are more robust than
JPDAFs with respect to the number of correct associations as
well as with respect to the tracking error.

6.1. Tracking Multiple Persons

The first experiment in this section is designed to illustrate the
capabilities of our approach to track multiple people. In this
experiment Rhino was placed in the corridor of the computer
science department of the University of Bonn. The robot’s
task was to continuously estimate the position of up to six
people who were walking along the corridor. Please note that
computing the joint association probabilities would require us
to evaluate more than 40,000 joint association events in some
situations during this experiment. To keep the computation
tractable, we only considered the feature to object assignments
which have a marginal association probability of at least 0.01.

Figure 5 shows two sequences of this experiment.! Each
sequence consists of pairs of images, an image recorded with

1. Videos and animations of this sequence are available at

http://www.informatik.uni-bonn.de/~schulz/research.html.
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Sequence 1 Sequence 2

Fig. 5. Two short tracking sequences showing a real photo and a 3D visualization of the state estimate at the same point in
time. The time delay between consecutive images is 1.25 s.
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Fig. 6. Tracking people using laser range-finder data.

a ceiling-mounted camera (left image) as well as a three-
dimensional (3D) visualization according to the current es-
timate of our system at the same point in time (right image).
The time delay between consecutive imagesis 1.25 s. Whereas
the robot is standing still in the first sequence, it moves with
speeds of up to 40 cm s™! in the second column. As can be
seen from the figure, the robot is able to accurately estimate
the positions of the people even while it is moving and even
if the people are occluding each other.

Figure 6 depicts a typical situation in which Rhino is track-
ing four people in its vicinity. It shows the sample sets as well
as the corresponding range scans. As can be seen from the fig-
ure, our approach is robust against occlusions and can quickly
adapt to changing situations in which additional people enter
the scene. For example, in the lower left image the upper right
person is not visible in the range scan, since it is occluded by
the person that is close to the robot. The knowledge that the
samples lie in an occluded area prevents the robot from delet-
ing the corresponding sample set. Instead, the samples only
spread out, which represents the growing uncertainty of the
robot about the position of the person.

Figure 7 plots the number of features detected during this
experiment for the first 950 scans. As can be seen, the number
of people varies constantly. Note that the maximum number
of features is seven. This is due to the fact that doors also cause
local minima which are sometimes identified as features due
to slight scan alignment errors. The figure also shows the

number of associations that are considered by our SJPDAF.
As the figure shows, the number of associations that have to
be evaluated remains below 150 during the whole sequence.

6.2. Accuracy of SJPDAF-Tracking

The next experiments were designed to identify the accuracy
of our approach. Again we placed our robot in the corridor
of the department building. Simultaneously, up to four people
were walking in the corridor, frequently entering the robot’s
perceptual range of 8 m. The complete experiment took 235 s.
Throughout this experiment there were 16 different tracks,
i.e., we observed 16 situations in which a person entered the
robot’s sensor range.

A short fraction of the whole experiment is shown in Fig-
ure 8. Here three people are walking along the corridor. The
image shows the ground truth manually extracted from the
data recorded during the experiment. Figure 9 depicts the tra-
jectories estimated by our algorithm. As can be seen, the sys-
tem is able to quite accurately keep track of the people. Note
that there is a certain delay in the initialization of the sample
set for the person marked a. This delay is due to the occlusion
caused by person b.

To quantitatively evaluate the accuracy of the tracking pro-
cess and of the estimator for the number of objects, we man-
ually determined the number of people and their positions
in each scan. We then compared these values to the results
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Fig. 7. The number of features detected in each scan of the experiment depicted in Figure 5 and the number of joint association
events evaluated for each scan.

Fig. 8. Trajectories of three people walking along the corridor while the robot is tracking them.
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Fig. 9. Trajectories estimated by the STPDAF.
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obtained with our algorithm. First, our SIPDAF was able to
correctly identify all 16 tracks. Thereby, the average displace-
ment between the ground truth and the estimated position was
16 £ 5 cm. Secondly, our algorithm was able to robustly es-
timate the number of tracks. We found that the average de-
tection delay of a new or disappearing track was 1 s. At this
point we would like to mention that the estimation process is
a filter, which smoothes the effect of random feature detec-
tion failures and false alarms but also introduces a delay in
the detection of the correct number of objects. Neglecting this
delay effect, our estimator correctly determined the number
of objects in 90% of all scans.

Additionally, we carried out several simulation experi-
ments. In one experiment reported here, the task of the system
was to track four moving objects while the robot was moving
at speeds up to 25 cm s~'. The objects moved with a constant
velocity of 50 cm s~ and changed their movement direction
according to a Gaussian distribution with a standard deviation
of 45°.

The left image of Figure 10 shows a typical fraction of
this experiment. The right image of the same figure shows the
estimates of the positions of the objects in this situation. The
average, mean, minimum, and maximum tracking errors for
the four different objects are given in Table 1. Note that the
huge maximum error for track a comes from an occlusion by
track ¢ when both objects are to the left of the robot. According
to our motion model, the samples for a immediately spread
out in the area occluded by c. After a few steps, some of the
samples for track a get close to ¢ and therefore receive support
from the feature corresponding to c. Accordingly, the SIPDAF
infers a slight probability that the feature corresponding to ¢
actually corresponds to a. Since the samples in the occluded
area are almost uniformly distributed whereas the samples
close to ¢ are concentrated, the estimate for a coincides with
the estimate for ¢ for a few steps. However, as soon as the
feature for a becomes visible again the SIPDAF re-localizes
a and correctly keeps track of it afterwards.

6.3. Advantage of the Occlusion Handling

To explore the advantage of the explicit occlusion handling,
we systematically analyzed a data set recorded with our robot
while it was moving at a speed of 40 cm s™'. In this experiment,
two people were walking in the corridor of our department
(see Figure 11) with speeds of 60 and 80 cm s™'. As can be
seen in the figure, one person temporarily occludes the other
person. From this data set we created 40 different sequences
that were used for the quantitative analysis. For all 40 data
sets we evaluated the performance of our tracking algorithm
with and without occlusion handling. Thereby we regard it as
a tracking failure if one of the two sample sets is removed or
if one sample set tracks the wrong person after the occlusion
takes place. Without occlusion handling, the system failed in
seven cases (17.5%). With occlusion handling, the robot was
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able to reliably keep track of both people and failed in only
one of the 40 cases (2.5%).

6.4. Comparison to Standard JPDAFs

As pointed out above, the main advantage of particle filters
compared to Kalman filters is that particle filters in principle
can represent arbitrary densities, whereas Kalman filters are
restricted to Gaussian distributions. Accordingly our SJPDAF
approach produces more accurate densities than the standard
JPDAF and provides a significantly increased robustness.

6.4.1. Prediction Accuracy

One advantage of particle filters lies in their high flexibility
during the prediction step. For example, they also allow us to
incorporate obstacles during the prediction. Figure 12 shows
a typical situation. Here the robot tracks a person who walks
straight towards an obstacle and then passes it on the right
side (see solid line). The left image of Figure 12 also contains
the probability densities of the particle filter computed by the
SJPDAF at three different points in time. The gray-shaded
contours indicate the corresponding distributions of the par-
ticles (the darker these are, the higher the likelihood), which
were obtained by computing a histogram over a discrete grid
of poses. The Mahalanobis distances of the Gaussians com-
puted at the same points in time by the standard JPDAF using
a Kalman filter are shown in the right image of Figure 12.
As can be seen from the figure, both filters correctly predict
the position of the person in the first two steps. However, in
the third step the Kalman filter predicts that the person moves
through the obstacle. Our SJPDAF, in contrast, correctly de-
tects that the person must pass the obstacle either on the left
or on the right. This is indicated by the bimodal distribution
shown in the left image of Figure 12. As a result, the STPDAF
provides a better support for the next measurement than the
standard JPDAF.

To quantitatively evaluate the prediction accuracy of
SIPDAFs and JPDAFs, we ran this experiment a hundred
times in simulation. During these experiments, the object
passed the obstacle always at time-step 7 but randomly ei-
ther on the left or on the right. Figure 13 shows the average
probability mass of the predicted state density within a region
of 80 x 80 cm? around the true position of the object plotted
over each time-step. Whereas the support of the JPDAF for
the true position decreases drastically, the SIPDAF concen-
trates more probability mass at the possible locations to the
left and right of the obstacle. Accordingly, the STPDAF pro-
vides a significantly better support for the true position than
the JPDAF. Please note that the person again changes motion
direction in step 8. Therefore, both filters have a reduced sup-
port for the true position of the person. Since the SIPDAF
cannot exploit an obstacle as in step 7, the support of the true
position is reduced and similar to that of the JPDAF.
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Fig. 10. Tracking four objects with a moving robot. The real trajectories are shown on the left. The right image contains the

estimated paths.

Table 1. Tracking Errors for the Different Objects in the Experiment Depicted in Figure 10

RMS Standard Minimum Maximum
Track Error (cm) Deviation (cm) Error (cm) Error (cm)
a 34.79 56.04 8.20 282.76
b 22.98 24.11 6.70 37.78
c 24.52 37.60 5.40 170.73
d 28.87 33.87 8.69 90.17

occluded |
0——. A >

Fig. 11. Estimated trajectories of two people in a situation in which one person temporarily occludes the other. The arrow
indicates the point in time when the occlusion occurred.
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Fig. 12. Tracking one object approaching a static obstacle, using a particle filter (left) and using a Kalman filter (right). The
arrow indicates the trajectory taken by the object. The Kalman filter erroneously predicts that the object moves into the obstacle.
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Fig. 13. Probability mass of the predicted state densities at the true locations of the object for the experiment illustrated in
Figure 12. The false prediction of the Kalman filter leads to a low support at the true location.

6.4.2. Non-linearities

If the objects being tracked follow a non-linear motion model,
the correct uncertainty of the object state estimates is no longer
normally distributed. In such situations, the standard JPDAF
applies Extended Kalman Filters (EKFs) to approximate the
covariance of the object state estimates. The approximation is
then based on a linearization of the motion model. However,
if observations arrive at low rates, rather large linearization
errors can result. In contrast to this, the SJPDAF directly ap-
plies the non-linear motion model to the samples and in this
way achieves a more accurate approximation of the state un-
certainty. As a result, the feature to object assignments cal-
culated by the SJPDAF are significantly more robust than the
assignments obtained by the standard JPDAF.

To demonstrate this effect, we carried out an additional
simulation experiment (see Figure 14). Here, two objects first
move in parallel on a straight line and then continue on two
concentric circles at the same constant speed. We examined
the robustness of the tracking algorithms by counting the num-
ber of data association failures. To represent the state of each
object we used a five-tuple (x, y, 8, v, w) where x, y, and 6
are the pose and v and w are the translational and rotational

velocities. We furthermore assumed Gaussian noise in both
velocities. We repeated this experiment for different transla-
tional velocities v with a fixed standard deviation of 0.1 ms~".
As the standard deviation of the rotational velocity we used
r/v, where r is the constant radius of the circular trajectory.
For each value of v we performed 100 Monte Carlo runs to
determine the average number of wrong assignments. Obser-
vations were integrated at a rate of one observation per second.

The results for the JPDAF and the SJPDAF are depicted in
the right part of Figure 14. As can be seen from the figure, the
SJPDAF shows a significantly lower number of association

errors if the speed of the objects exceeds 2.5 m s~!.

6.4.3. Clutter

The use of particle filters also improves the robustness of
multi-object tracking in cluttered environments. To demon-
strate this effect, we carried out a third simulation experiment,
during which we generated different amounts of false mea-
surements. Again, the systems had to track two objects that
moved in parallel for 5 s. After that, one of the objects took
a circular trajectory with a diameter of 4 m (see left image of
Figure 15). Both objects, for which we used the same linear
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densities (right image).

motion model, moved at a constant velocity of 1 m s~!. We
assumed white noise with a standard deviation of 0.1 m s™!
in the translational velocity and of 0.5 rad in rotational ve-
locity. New observations were integrated every 1.5 s and
measurement errors were assumed to be normally distributed
with a standard deviation of 0.2 m in the x- and y-direction.

We carried out 400 Monte Carlo runs for different clutter
densities. The resulting average RMS error with regard to the
density of false measurements in the surveillance region is
depicted in the left part of Figure 15. As can be seen from the
figure, the RMS error increases quickly in case of the standard
JPDAF. This is mainly because the JPDAF loses track of the
object moving on the circle. In contrast, the SJPDAF shows
significantly smaller errors. Note that this experiment con-
firms an observation already made by Lin et al. (2002). They
have shown that the particle filter performs significantly bet-
ter in situations in which large intermediate state estimation
errors occur.

6.5. Advantage of the SIPDAF over Standard Particle Filters

In the past, single state particle filters have also been used for
tracking multiple objects (Isard and Blake 1996; Koller-Meier
and Ade 2001). This approach, which rests on the assumption
that each mode in the density corresponds to an object, is only
feasible if all objects can be sensed at every point in time and if
the measurement errors are small. If, for example, one object
is occluded, the samples tracking this object obtain signifi-
cantly smaller importance factors than the samples tracking
the other objects. As a result, all samples quickly focus on the
un-occluded object.

Figure 16 shows an example situation in which the robot
is tracking two people. Whereas one person is visible all the
time, the second person is temporarily occluded by a static
obstacle. The upper row of the figure shows the evolution of
the samples using a single-state particle filter. This filter was
initialized with a bimodal distribution using 1000 particles

Downloaded from ijr.sagepub.com at RUTGERS UNIV on April 4, 2015


http://ijr.sagepub.com/

Schulz et al. / People Tracking with Mobile Robots 113

person 1
. “: *

'.\ - \ ."N - \
obstacle obstacle
robot robot
Ve v

G

- —
~ N ~ '\
obstacle obstacle
robot robot
Ve

4

person 2 <—-§?— 4—5% 4%
4—-3"‘?"“ <_‘5’t‘

‘- - \ o - \ — \ ‘._\ - \
obstacle obstacle obstacle obstacle
robot robot robot robot

<t <} <t

Fig. 16. Tracking two people with one sample set (top row) and with two sample sets (bottom row). The arrows indicate the

position of the people and their movement direction.

for each object. As soon as the upper object is occluded, all
samples concentrate on the un-occluded object so that the
filter loses track of the occluded object. The lower row of
the figure shows the samples sets resulting from our STPDAF.
Although the uncertainty about the position of the occluded
object increases, the filter is able to reliably keep track of both
objects.

7. Summary and Conclusions

Mobile robots are now in a state where they can safely be de-
ployed in populated environments. In this situation, the ability
to know where people are and where they are going to becomes
increasingly important. Knowledge about the trajectories of
people can be used to improve the navigation behavior and
the interaction capabilities. In this paper we have presented
a new technique for keeping track of multiple moving ob-
jects. Our approach uses SJPDAFs, a sample-based variant
of joint probabilistic data association filters. It also includes
a recursive Bayesian filter to deal with varying numbers of
objects. The use of particle filters has several desirable ad-
vantages. SJPDAFs can represent arbitrary densities over the
state spaces of the individual objects which leads to more ac-
curate estimates especially in the prediction step. The fact that

particle filters can easily deal with non-linear systems results
in a more robust behavior and fewer data association errors.
Finally, the SJPDAF can more robustly deal with situations
with a huge amount of clutter.

Our algorithm has been implemented and evaluated in
practice using a mobile robot equipped with laser range-
finders. Additionally, we performed a variety of simulation
experiments. All results demonstrate that SJPDAFs are able
to reliably and accurately keep track of a varying number of
objects. They also illustrate that our algorithm outperforms
other techniques developed so far.

Despite the encouraging results, there are still several rea-
sons for future research. For example, the current system uses
fixed sample sizes for the particle filters. In this context, tech-
niques to adaptively change the sample size according to the
underlying uncertainty (Fox 2002) might be attractive to im-
prove the overall efficiency. Additionally, our current system
randomly introduces samples whenever a new object has been
discovered. In such a situation, more intelligent sampling
techniques might lead to better results and a faster conver-
gence. A further topic for future work regards the distinction
between groups of objects and individual objects. Sometimes
it is desirable to track a whole group of people rather than the
individual people. For example, tracking them individually
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might be too time consuming or just impossible because we
cannot extract all individual features from the sensor data. In
such situations it might be more desirable to track groups of
people as a whole. However, this requires a new data associa-
tion algorithm, which is able to handle both individual objects
and clusters of objects.

Appendix: Index to Multimedia Extensions

The multimedia extension page is found at http://www.
ijrr.org.

Table of Multimedia Extensions

Type
1 Video

Extension Description

SJPDAF in action: The animation
demonstrates how the particle fil-
ters evolve over time while track-
ing four persons in a corridor
Tracking quality: To highlight the
tracking quality, this clip shows a
video of a tracking experiment and
simultaniously for each frame a 3D
graphics visualization constructed
from the corresponding SJPDAF
estimates

2 Video
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