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Abstract

One of the goals in the field of mobile robotics is the de-

velopment of mobile platforms which operate in populated

environments and offer various services to humans. For
many tasks it is highly desirable that a robot can determine
the positions of the humans in its surrounding. In this paper
we present a method for tracking multiple moving objects

with a mobile robot. We introduce a sample-based variant
of joint probabilistic data association filters to track fea

More recently, particle filters have been introduced to-esti
mate non-Gaussian, non-linear dynamic processes [6, 14].
They have been applied with great success to different state
estimation problems including visual tracking [2, 8], mo-
bile robot localization [5] and dynamic probabilistic net-
works [9]. The key idea of particle filters is to represent the
state by sets of samples (or particles). The major advantage
of this technique is that it can represent multi-modal state
densities, a property which has been shown to increase the
robustness of the underlying state estimation process [7].

tures originating from individual objects and to solve the However, most existing applications deal with estimating

corrgspondence problem between the detected fea_tures andhe state okingleobjects only. One way to apply particle
the filters. In contrast to standard methods, occlusions are filters to the problem of trackingultiple objects is to esti-

handled explicitly during data association. The technique

mate the combined state space, as proposed in [11]. Unfor-

has been implemented and tested on a real robot. Experi- tunately, the complexity of this approach grows exponen-

ments carried out in a typical office environment show that
the method is able to keep track of multiple persons even
when the trajectories of two people cross each other.

1 Introduction

The problem of estimating the positions of moving objects
is an important problem in mobile robotics. Knowledge
about the position of moving objects can be used to im-
prove the behavior of the system especially if the robot
is deployed in populated environments. For example, this
ability allows a robot to adapt its velocity to the speed of
people in the environment and enables a robot to improve
its collision avoidance behavior in situations in which the
trajectory of the robot crosses the path of a human.

In this paper we present a method for tracking multiple
moving objects with a mobile robot. This technique uses
the robot’s sensors and a motion model of the objects being
tracked in order to estimate their position and velocities.
We apply a variant of Joint Probabilistic Data Association
Filters (JPDAFs) [1, 3], avery popular approach to tracking
multiple moving objects. JPDAFs compute a Bayesian es-

timate of the correspondence between features detected in

the sensor data and the different objects to be tracked. Vir-
tually all existing approaches to tracking multiple tagyet
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 restricted tosau
sian distributions over the state to be estimated.

tially in the number of objects to be tracked.

Our approach combines the advantages of particle filters
with the efficiency of existing approaches to multi-target
tracking: It uses particle filters to track the states of the
objects and applies JPDAFs to assign the measurements to
the individual objects. This technique is similar to the one
proposed in [11]. However, instead of relying on Gaussian
distributions extracted from the sample sets, our approach
applies the idea of JPDAFs directly to the sample sets of the
individual patrticle filters. To increase the robustnesshef t
overall approach, our method explicitely deals with occlu-
sions. This way, our robot can reliably keep track of multi-
ple persons even if they temporarily occlude each other.
This paperis organized as follows. After introducing a gen-
eral framework for JPDAFs, we propose our sample-based
version of JPDAFs in Section 2. In Section 3, we describe
how to extract features required for the JPDAF from prox-
imity information provided by a robot’s laser range-finders
Furthermore, we show how to deal with occlusions. Sec-
tion 4 describes several experiments carried out on a real
robot and illustrates the capabilities and the robustnéss o
our approach.

2 Sample-based Joint Probabilistic
Data Association Filters

To keep track of multiple moving objects one generally has
to estimate the joint probability distribution of the state



all objects. This, however, is intractable in practice athg can be approximated by a constant. Throughout our exper-
for a small number of objects since the size of the state iments we did not observe evidence that this approximation
space grows exponentially in the number of objects. To is too crude. However, we would like to refer to [4] for a
overcome this problem, a common approach is to track the better approximation of this quantity.
different objects independently, using factorial repreae The termp(Z (k) | 6, X*) denotes the probability of making
tions for the individual states. A general problem in this an observation given the state of the objects and a specific
context is to determine which measurement is caused by assignment between the observed features and the objects.
which object. In this paper we apply Probabilistic Data |n order to determine this probability, we have to consider
Association Filters (JPDAFs) [3] for this purpose. Fur- the case that a feature is not caused by any of the objects.
thermore, to avoid the Gaussian assumption of Kalman e will call these features false alarms. Letlenote the
filter-based JPDAFs, we present a sample-based version of probability that an observed feature is a false alarm. The
JPDAFs. In what follows we will first describe a general  number of false alarms contained in an association event
version of JPDAFs and then a sample-based implementa- js given by(my, —|6|). Theny ™+~ is the probability as-
tion. signed to all false alarms in(k) givend. All other features

are uniquely assigned to an object. Making the assumption

. . . that the feat detected ind dently of each other,
2.1 Joint Probabilistic Data Association Fil- at the features are detected Independently of each other

we get
ters

ky — A (mi—16]) . k
Consider the problem of tracking’ objects. X* = p(2(k) |8, X5) = (41;16917(2](1:) - @)
{xk,...,xk} denotes the state of these objects at time ”
Note that each! is a random variable ranging over the  Please note that in the case of Kalman filter based tracking,
state space of a single object. Furthermore,Zét) = the termsp(z; (k) | x¥) are given by normal distributions.
{zy(k),...,zm, (k)} denote a measurement at tinke In the general case, Eqg. (3) becomes
wherez; (k) is one feature of such a measuremet. is
the sequence of all measurements up to timeThe key PO | Z*) =ay™I T p(zi(k) | x). 5)
guestion is how to assign the individual features to the ob- (4,i)€d
Jects. . - . To update the beliefs(x}) about the states of the individual
In the JPDAF framework, a joint association evens a objects, JPDAFs apply recursive Bayesian filtering. The
set of pairs(j,i) € {0,...,mg} x {1,...,T}. Eachf new state of an object jsredictedusing the term

uniguely determines which feature is assigned to which ob-

ject. Elease note, that in the.JPD.AF frgmework_, the feature k| zk-1y = /p(xﬁ-“ XL (T [ 2R dxE . (8)

7o (k) is used to model situations in which an object has not

been detected, i.e. no feature has been found for object  \whenever new sensory input arrives, the state is corrected
Let ©;; € O denote the set of all valid joint association  according to

events which assign featujdo the object. At time k&, the

JPDAF computes the posterior probability that featjiie p(x¥ | Z%) = a p(Z(k) | xF) p(xb | ZF71). 7)

caused by objeataccording to ) ) ,
Since we don’t know which of the features i(k) is

B = Z P@ | zh). 1) f:aused by objedt we integrat_e_t_he single features accord-
ing to the assignment probabilitigs;:

€O ;
mg
The probabilityP (8 | Z*) of an individual joint association p(xF |28 = > Bup(zi(k) | x) p(xF). (8)
event can be computed according to Eq. (3), whers a j=0

normalizer. To derive Eq. (3), we make use of Bayes’ rule

and the assumption that the estimation problem is Markov. Again, a is a normalization factor. Thus, all we need to

know are the models(x} | x¥~' ¢) andp(z;(k) | xk).

PO |zh _ PO | Z(k),Z5 ") ) Both depend on the properties of_the obj_ects being tracke(_j
Markou! and the sensors used. One additional important aspect is
= PO | Z(k),X") how distributions over the state space of the individual ob-

Bavest  p(Z(k) | 6,X5) P(8 | X¥) (3) jects are represented.

The term P(§ | X*) corresponds to the probability of 2 2 | mplementing JPDAFswith Samples
the assignmend given the current states of the objects.

Throughout this paper we make the strong assumption that In most applications to target tracking, Kalman filters and
all assignments have the same likelihood so that this term hence Gaussian distributions are used to track the individ-
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4 Figure 2: From left to right: the current occupancy map
. . ) P(occ,,y | Z(k)), the previous occupancy map(occ,,
Flgurg 1 Typical laser-range finder scan. Two of the lo- Z((k— l)y)" th(e r)(gsulting difference mF;B(n)e/v\/“dg(, and %[Ih|e
cal minima are caused by people walking by the robot (left fusion of the difference map with the featu?ey maps for the
image). Feature grid extracted from the scan representing scan depicted in Figure 1

the corresponding probability densitié%legéj’y) (center).
Occlusion grid representin@(occludegy) (right).

= =
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surrounding of the robot at an angular resolution of 1 de-
gree. To represent the state of a person we use a quadruple
ual objects. In our approach, we use sample-based repre- (z,y, ¢, v), wherex andy represent the position relative to
sentations of the individual beliefs of the states of the ob- the robot¢ is the orientation and is the walking speed of
jects which allows us to represent arbitrary densities. the person.

The key idea underlying all particle filters is to represent To robustly identify and keep track of persons, our system
the densityp(x* | Z*) by a setS}' of N weighted, random uses two different patterns in range-scans which are typi-

samples oparticless¥, (n = 1... N). A sample set con- cally caused by humans walking through a building. Con-
stitutes a discrete approximation of a probability distrib sider as an example the situation shown in the left image
“0” Each sample is a tuple;} ., w},) consisting of state  of Figure 1. In this situation two people pass a robot in a

, and an |mportance factar® The predictionstep of corridor which cause two local minima in the distance pro-

Baye3|an filtering is realized by drawmg samples from the file of the range scan. The third minimum is caused by a

set computed in the previous iteration and by updating their trash bin placed in the corridor. Given these local minima

state according to the prediction moggk! | x~',¢). In we compute a set of two-dimensional position probability

the correctionstep, a measuremefitk) is integrated into grids containing in each cell the probabiliB(legs , ) that

the samples obtained in the prediction step. In the context 5 persons legs are at position ) relative to the ro%ot. We

of the JPDAF the assignment probabilitigs have to be o orate one such map for each feature in the range-scan.

considered in the correction step. To compute fhewe A | f all th ting th didat

use the following particle filter version of Eq. (5): h overiay of all three maps representing the candidates
found in our example is shown in the center of Figure 1.

. (e —16]) 1 & . Unfortunately, there are other objects in typical office en-
PO |Z%) =ay™" H N ZP(Zj(k) | zin)- (9) vironments which produce patterns similar to people. To
(.i)ed  n=1 deal with this problem our system additionally considers

the changes in consecutive scans in order to distinguish

Given the assignment probabilities we now can compute o veen static and moving objects. This is achieved by

the weights of the samples computing local occupancy grid maps [13] for each pair
m of consecutive scans. Based on these occupancy grids we
v = o Zﬁjip(zj(k) |2k ), (10) compute the probabilityo(nev\/;’y) that something moved

to location(z, y):

where a is a normalization constant ensuring that the P(new.,) = P(0cGy | Z(k) - (1= P(0cy | Z(k = 1))).

weights sum up to one over all samples. Finally, we ob- Because the local mag3(occ, , | Z(k)) are built while

tain V new samples from the current samples by bootstrap the robot is moving, we first align the maps using the scan-

resampling. For this purpose we select every sample matching technique presented in [10]. Figure 2 shows two

with probabilityw? . ’ subsequent and aligned local grids and the resulting grid
’ representing®(newf ).

. . To compute the importance factors of the samples in the
3 Application to Laser-based People correction steps of the particle filters, we combine the dif-
Tracki ng with a M obile Robot ference grid and the position probability grid of each fea-
ture z;(k), 1 < j < my to computep(z;(k) | z;n(k)).
Under the assumption that the probabilities are indepen-

In this section we describe the application of the sample-
pp P dent, we have

based JPDAF to the task of tracking people using the range
data obtained with a mobile robot. Our mobile platform is P(z;(k) | x |egg‘»z nevx/“ ). (11)
equipped with two laser-range scanners mounted at a height

of 40 cm. Each scan of these two sensors covers the whole Additionally we have to compute the likelihogdz, (k) |



x;n(k)), that the person indicated by a samplg, (k) has I F_l F_l F
not been detected in the current scan. This can be due to person
failure in the feature extraction or due to occlusion. The [ ]
first case is modeled by a small constant value in all cells
of the position and difference grids. To deal with possible
occlusions we compute the so-called “occlusion map” con-

taining for each position in the surrounding of the robot the

probability P(occluded , ) that the corresponding position  Figure 3: Rhino tracking a single person. Whereas the tra-
is not visible given the current features extracted intrgt fir  jectory of the person is shown in light grey, the estimated

step. The resulting occlusion map for the scan shown on path is depicted in black. The dotted line indicates the path
the left of Figure 1 is depicted in the right image of Fig-  of the robot.

ure 1. To determiné(z,(k) | x; »(k)) we use this occlu-

sion map and a fixed feature detection failure probability T = 3 F
P(—Detec: '
P(zo(k) | zin(k)) = P(occlude@i)n Vv —-Detec}. (12) ' ' -!
\ A

To predict the samples estimating the motions of persons,
we apply a probabilistic motion model. We assume that
a person changes its walking direction and walking speed
according to Gaussian distributions. Thereby, the transla Figure 4: Single person tracked by the robot.

tional velocity is assumed to lie between 0 and 150 cm/s.

Additionally, we use static objects, which also are exegdct ~ During all of these experiments the resolution of the grids

out of the laser-range data, to avoid that samples end up in- was set to 10 cm and the update frequency was two laser-
side of objects. As illustrated by the experiments, thisigea  range scans per second.

to a physically more consistent model.

A

4.2 Accuracy of JPDAF-Tracking

4 Experimental Results In the first experiment the robot Rhino was moving with
speeds of up to 40 cm/s in the corridor of the department
To evaluate the performance of our approach, we per- building. Simultaneously, two persons were walking in the
formed extensive experiments with the mobile robot Rhino ~ corridor, frequently entering the robot’s perceptual rang
in our office environment. Additionally we carried out a 7M. The longest continuous track of a person was approx-
series of simulation experiments. All experiments demon- imately 102 m and took 147 seconds. A typical example
strate that our approach can accurately and reliably keep is given in Figure 3. Here the robot moved in the center
track of moving objects even in situations in which occlu-  of the corridor and a person walked around the robot and
sions occur and in which the robot is moving at speeds of then entered a room. Whereas the trajectory of the robot
up to 40 cm/s. is indicated by a dashed line, the trajectory of the person is
shown by the black line. The trajectory of the person esti-
mated by our system is indicated by the grey line. Figure 4
4.1 Implementation Details shows on the left side a camera image of the robot and the
person passing it. The right image of this figure contains
To initialize the JPDAF estimate, the number of personsis a 3D-visualization of the situation based on the system’s
determined by analyzing for each new feature whether it estimate.

can be explained using the belief of the objects currently Additionally, we used the data recorded during this exper-
being tracked. If too few samples fall into the area of a jnent to evaluate the accuracy of our approach. We man-
feature, we initialize a new sample set. This set is sampled 51y determined the position of the person for each laser
from a normal distribution with mean at the center of the  5can contained in the data file and determined the average
feature. Track termination is achieved by counting for each  gispjacement of the positions estimated by our JPDAF ap-

sample set the number of times it corresponds to at least one proach. It turned out that the average estimation error is 15
feature. If we cannot find any features for a certain period ¢ jn this experiment.

of time (which is 3.5 seconds in our current system), the

: In the next experiment, the task of the system was to simul-
sample set is removed.

taneously track multiple moving objects which temporarily
1See http://www.cs.uni-bonn.de/"schulz/Tracker.htmi &mimations OCCIqud ea_‘Ch O'Fher- Figure 5 shows a typical simulation
showing for example the evolution of sample sets over time. experiment in which the robot moved at a speed of 25 cm/s




Figure 5: Tracking four objects with a moving robot. The
real trajectories are shown on the left side. The rightimage
contains the estimated paths.
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Figure 6: Two estimated trajectories of two persons in a sit-
uation in which one person temporarily occludes the other.

The arrow indicates the point in time, when the occlusion
occurred.

[

and simultaneously tracked 4 moving objects. The objects
performed a random walk with a constant velocity of 50
cm/s. The change of the movement direction follows a
Gaussian distribution with a standard deviation of 45 de-
gree. In this experiment, the average estimation error was
29 cm.

Figure 6 shows a particularly challenging situation in whic
Rhino is able to successfully track two persons walking
with velocities of 60cm/s and 80cm/s and temporarily oc-
cluding each other. To analyze the advantage of the explicit
occlusion handling, we analyzed a data set acquired with
Rhino and extracted four situations with occlusions. We
then created ten different fractions out of the correspond-

obstacle

)

i obstacle

Figure 7: Tracking one object approaching a static obsta-
cle; using a particle filter (left) and using a Kalman filter
(right). The arrow indicates the trajectory taken by the ob-
ject. The Kalman filter erroneously predicts that the object
moves into the obstacle.

4.3 Comparison to Kalman Filter-based Ap-
proaches

As pointed out above, the main advantage of particle filters
compared to Kalman filters is that particle filters in princi-
ple can represent arbitrary densities, whereas Kalman fil-
ters are restricted to Gaussian distributions.

Figure 7 shows a typical example in which this restriction
leads to a wrong prediction. Here the robot tracks a person
which walks straight towards an obstacle and then passes
it on the right side (see solid line). The person is tracked
using both, a Kalman filter and a patrticle filter. The left
image of Figure 7 also contains the probability densities
of the particle filters at different points in time. The grey-
shaded contours indicate the corresponding distributidns
the particles (the darker the higher the likelihood), which
are obtained by computing a histogram over a discrete grid
of poses. The Gaussians computed with the Kalman filter
are shown in the right image of Figure 7. Here the ellipses
indicated the Mahalanobis distance.

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
will move into the obstacle. whereas the sample-based ap-
proach can exploit the fact that persons do not move in-
side of obstacles. Thus, the samples correctly predict that
the person will pass the obstacle either to the left or to the
right. This is indicated by the bimodal distribution shown
in the left image Figure 7. Thus particle filter-based ap-

ing part of the data set and obtained 40 different sequences proaches produce more accurate densities than methods us-
of data. For all these 40 sequences we evaluated the perfor-ing Kalman filters.

mance of our tracking algorithm with and without occlu-

sion handling. Thereby we regarded it as a tracking failure,
if one of the two sample sets is removed or if one sample
set tracked the wrong person after the occlusion took place.
Without occlusion handling, the system could keep track of

4.4 Advantage of the JPDAF over Standard
Particle Filters

the persons in only 33 cases. Using the occlusion maps the |n the past, single state particle filters have also been used
system tracked both persons reliably in 39 cases. Thus the for tracking multiple objects [12, 8]. This approach, which

explicit modeling of occlusion increases the performance
of the system.

rests on the assumption that each mode in the density cor-
responds to an object, is only feasible if all objects can be

These experiments demonstrate, that our system is able tosensed at every point in time and if the measurement errors

reliably track several persons even in the case of occlusion
and that it provides accurate estimates.

are small. If, for example, one object is occluded, the sam-
ples tracking this object obtain significantly smaller impo
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Figure 8: Tracking two persons with one sample set (left)
and with two sample sets (right). The arrows indicate the
movement direction

tance factors than the samples tracking the other objects.
As a result, the occluded object gets quickly lost, since the
samples tend to focus on the other objects.

Figure 8 shows an example situation in which the robot is
tracking two persons. Whereas one person is visible all the
time, the second one is temporarily occluded by a static ob-
stacle. The left part of the figure shows the evolution of the
probability distributions using such a single-state méeti
filter. This filter was initialized with a bimodal distribwtn
using 5000 particles for each object. As soon as the upper
object is occluded, the density becomes unimodal and the
filter loses track of the occluded object. The right part of
the figure shows the resulting densities using our JPDAF
approach. Although the uncertainty about the position of
the occluded object increases, the filter is able to reliably
keep track of both objects.

5 Summary and Conclusions

In this paper we presented a technique for keeping track of
multiple moving objects with a mobile robot. In order to
avoid the exponential complexity of joint state spacesheac
object is tracked using a particle filter and Joint Probabili
tic Data Association Filters are applied to solve the proble
of assigning measurements to the individual objects. By in-
tegrating particle filters with JPDAFs, our approach intgeri
the advantages of both: it can represent arbitrary dessitie
over the state space of the individual objects while still be
ing able to efficiently solve the data association problem.

Our approach uses special techniques to extract the neces-{13]

sary features from proximity data and to deal with occlu-
sions.

The technique has been implemented and evaluated on a
real robot as well as in simulation runs. The experiments
carried out in a typical office environment demonstrate that
our approach is able to reliably keep track of multiple per-

sons. They furthermore illustrate that our approach outper
forms other techniques developed so far.
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