In Proc. of the 2001 IEEE Computer Scociety Conference on Computer Vision and Pattern Recognition (CVPR 2001), Kauai, Hawaii, 2001.

Tracking Multiple Moving Objects with a Mobile Robot

Dirk SchulZz  Wolfram Burgard Dieter FoX Armin B. Cremers$

!University of Bonn, Computer Science Department, Germany
2University of Freiburg, Department of Computer Science, Germany
3University of Washington, Dept. of Computer Science & Engineering, Seattle, WA, USA

Abstract be tracked. Like virtually all existing approaches to track-
ing multiple targets, they apply Kalman filters to estimate the
One of the goals in the field of mobile robotics is the de-states of the individual objects. While Kalman filters have
velopment of mobile platforms which operate in populatecbeen shown to provide highly efficient state estimates, they
environments. For many tasks it is therefore highly desirableare restricted to Gaussian distributions over the state to be es-
that a robot can determine the positions of the humans in itsimated.
surrounding. In this paper we introduce sample-based joint  nore recently, particle filters have been introduced to es-
probabilistic data association filters to track multiple moving timate non-Gaussian, non-linear dynamic processes [7, 15].
objects with a mobile robot. Our technique uses the robot'srhey have been applied with great success to different state
sensors and a motion model of the objects being tracked. Astimation problems including visual tracking [2, 9], mo-
Bayesian filtering technique is applied to adapt the trackingpjje rohot localization [5] and dynamic probabilistic net-
process to the number of objects in the sensor range of thg ks [10]. The key idea of particle filters is to represent the
robot._Our approach to tracking multiple moving objects hasgtate by sets of samples (or particles). The major advantage
been implemented and tested on a real robot. We present e this technique lies in the ability to represent multi-modal
periments illustrating that our approach is able to robustly sate densities, a property which has been shown to increase
keep track of multiple persons even in situations in whiche ropustness of the underlying state estimation process [8].
people are temporarily occluded. The experiments furtheryygwever, most existing applications deal with estimating the
more show that the approach outperforms other techniquegiste ofsingleobjects only. One way to apply particle filters
developed so far. to the problem of trackingnultiple objects is to estimate the
combined state space, as proposed in [12]. Unfortunately, the
complexity of this approach grows exponentially in the num-
1. Introduction ber of objects to be tracked.

The problem of estimating the positions of moving objects Our approach combines the advantages of particle fil-
is an important problem in mobile robotics. Knowledge aboutters with the efficiency of existing approaches to multi-target
the position of moving objects can be used to improve the pelracking: It uses particle filters to track the states of the ob-
havior of the system especially if the robot is deployed in popJects and applies JPDAFs to assign the measurements to the
ulated environments. For example, this ability allows a robotndividual objects. Instead of relying on Gaussian distribu-
to adapt its velocity to the speed of people in the environmen#ions extracted from the sample sets as proposed in [6], our
and enables a robot to improve its collision avoidance beha@PProach applies the idea of JPDAFs directly to the sample
ior in situations in which the trajectory of the robot crossesSets of the individual particle filters. To adapt the SJPDAFs
the path of a human. to the different numbers of objects in the robot’s sensor range,

In this paper we present a method for tracking multiple©ur approach_ maintgins a probability distribution over the
moving objects with a mobile robot. This technique usesUmber of objects being tracked. The robustness of the over-
the robot's sensors and a motion model of the objects be?!l approach is increased by applying a motion model of the
ing tracked in order to estimate their positions and velocitiesOPiects being tracked. Furthermore, it uses different fea-
We introduce sample-based Joint Probabilistic Data AssocilUres extracted from consecutive sensor measurements to ex-
ation Filters (SJPDAFs). JPDAFs [1, 3] are a very popularPlicitely deal with occlu_sions. This way, our robot can reI_i-
approach to tracking multiple moving objects. They com-ably keep track of multiple persons even if they temporarily
pute a Bayesian estimate of the correspondence between feclude each other.
tures detected in the sensor data and the different objects to This paper is organized as follows. After introducing a



general framework for JPDAFs, we introduce SJPDAFs in Markov! P | Z(k),x") (3)
Section 2. Section 3 explains how we add and remove particle Bayes! A A

filters based on an estimate of the current number of objects. = ap(Z(k)[6,X7) PO X7). (4)
In Section 4, we describe how to extract features from proxyere o is a normalizer ensuring that(¢ | Z*) sums up to

imity information provided by a robot's laser range finders. gne over alp. The termP(6 | X*) corresponds to the prob-
Furthermore, we show how to deal with occlusions. Section Jpjjity of the assignmert given the current states of the ob-
describes several experiments carried out on a real robot angcts. Throughout this paper we make the assumption that all
in simulations. The experiments illustrate the capabilities angssignments have the same likelihood so that this term can be
the robustness of our approach. approximated by a constant. Throughout our experiments we

. e did not observe evidence that this approximation is too crude.
2. Sample-based Joint Probabilistic Data ASSO-  However, we would like to refer to [4] for a better approxi-

ciation Filters (SJPDAFs) mation of this quantity.

k . .
To keep track of multiple moving objects one generally ~ The termp(Z (k) | 6,X") denotes the likelihood of mak-
has to estimate the joint probability distribution of the statelNd an observation given the state of the objects and a specific
of all objects. This, however, is intractable in practice al-2SSignment between the observed features and the objects. In

ready for a small number of objects since the size of the stat@"der to determine this quantity, we have to consider the case
space grows exponentially in the number of objects. To overthat & feature is not caused by any of the objects. We will
come this problem, a common approach is to track the dif-?a" these features false alarms. ketlenote the probabil-
ferent objects independently, using factorial representationdy that an observed feature is a false alarm. The number of
for the individual states. A general problem in this contextf@lSe alarms contained in an association eveist given by

is to determine which measurement is caused by which obl™x — |0])- Theny("+=1°D is the probability assigned to all
ject. In this paper we apply Probabilistic Data Associationfalse alarms irz (k) givend. All other features are uniquely
Filters (JPDAFs) [3] for this purpose. In what follows we assigned to an obj_ect. Making the assumption that the fea-
will first describe a general version of JPDAFs and then dures are detected independently of each other, we get

sample-based implementation. pZ(k) [ 0,X5) = ~me=lo) H p(z;(k) | X5). (5)
2.1. Joint Probabilistic Data Association Filters (:1)€0

Consider the problem of tracking objects. X* = By inserting Eq. (5) into Eq. (4), using the assumption that
{xk¥ ..., xk} denotes the state of these objects at time P(0 | X*) is constant, and after inserting the result into
Note that eachx? is a random variable ranging over the Ed. (1) we obtain
state space of a single object. Furthermore,Z =
{21(’?)’-p~-,2mk(k)} dgnoteallmeasurement at timgfv)here Bii = Z oy (1D H p(z;(k) | 7). (6)

z;(k) is one feature of such a measureme®t: is the se- 0€6; (79)€d

quence of all measurements up to timeThe key question |t remains to describe, how the beligfsc®) about the states
when tracking multiple objects is how to assign the observegf the individual objects are updated. In the standard JPDAF

features to the individual objects. itis generally assumed that the underlying densities are Gaus-
In the JPDAF framework, a joint association evénis  sians, and Kalman filtering is applied to update these densi-
a set of pairg(j,i) € {0,...,mi} x {1,...,T}. Eachg ties. In the more general framework of Bayesian filtering,

uniquely determines which feature is assigned to which obthe update equation for the prediction of the new state of an
ject. Please note, that in the JPDAF framework, the featur@0jectis

Zy(k) is used to model situations in which an objecthas not , | R el k1 k1

been detected, i.e. no feature has been found for objeet ~ PXi [Z7 ) = /p(xi x5 ) pii ™ [ 27 ) dx . (7)

©;; denote the set of all valid joint association events whic
assign featurg to the objecti. At time &, the JPDAF com-
putes the posterior probability that featyres caused by ob-

h\Nhenever new sensory input arrives, the state is corrected
according to

jecti according to PO [ Z8) = ap@k) X pxE 12570, ()
Bji = Z P(6|Z"). (1) where, againg is a normalization factor. Since we do not
0cO;; know which of the features iZ (k) is caused by object,

Using Bayes’ rule and under the assumption that the estimaVe integrate the single features according to the assignment

tion problem is Markovian, we can compute the probabilityprObab'“t'eSﬂji
P(6 | Z*) of an individual joint association event as m

ElzEYy — o (2 : b,
POIZY = POIZ(0).2) @ PREIZY = o 3 ) X ped) @



Thus, all we need to know are the modgig” | xF~*, ) and

p(z;(k) | x¥). Both depend on the properties of the objects observation 39
being tracked and the sensors used. One additional important i 32

aspect is how the distributiongx”) over the state spaces of 32 672

the individual objects are represented. 04 b
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2.2. The Sample-based Approach %
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In most applications to target tracking, Kalman filters and number 4 S
hence Gaussian distributions are used to track the individ- of objects 765
ual objects. In our approach, we use sample-based represen-
tations of the individual beliefs of the states of the objects
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number of features

which allows us to represent arbitrary densities. Figure 1.The sensor modeP(m, | N*) specifying the
The key idea underlying all particle filters is to represent probability of observingn, features, ifN* objects are in the
the densityp(x* | Z*) by a setS} of N weighted, random perceptual range of the sensor

samples onparticIeSSQﬁn(n = 1...N). A sample set con-

stitutes a discrete approximation of a probability distribution.Under the assumption that, given the current number of ob-
Each sample is atuple’, ,w’ ) consisting of state’  and ’

i, in i,n jects, the number of observed features is independent of the
an importance factowy,,. Thepredictionstep of Bayesian nymper of previously observed features, we obtain
filtering is realized by drawing samples from the set com-
puted in the previous iteration and by updating their state ac- P(N* | M¥) =« P(my; | N¥)- P(N* | MF71).
cording to the prediction modg(x” | X!, ¢). In thecorrec-
tion step, a measurementk) is integrated into the samples
obtained in the prediction step. According to Eq. (9) we hav
to consider the assignment probabilitiés ir;éhiez s;tTp.k;I'o P(N* |[M*) = a- P(my | N¥)
determineg;;, however, we have to computéz; (k) | x7). _ _ k1
In our partiéle filter-based version this quantityjis obtained by 2, PINE [N =m) - P(NF1 = n [M*T) (12)

Using the law of total probability, and given the assumption
dhatN* is independent of1*~! given N*~! we have

integrating over all samples: As a result, we obtain a recursive update procedure for
L& P(N* | M*¥), where all we need to know are the quantities

p(zi(k) | x5y = = Zp(zi(k) |2F ). @0y P(mg | N¥)andP(N* | N*~1). The termP(my, | N*)

N n—1 ' represents the probability of observing, features, ifN*

é)bjects are in the perceptual field of the sensor. In our current
implementation, which uses laser range sensors, we learned
this quantity from a series of 5100 range scans, recorded dur-
& AL A ing a simulation experiment, where up to 10 objects where
Win =@ Zﬁﬁp(zi(k) | 2in), (11) " placed at random locations within the robot's surrounding.
=0 The resulting density is depicted in Fig. 1. Please note that
wherea is a normalizer ensuring that the weights sum up tothe probability of an occlusion increases with the number of
one over all samples. Finally, we obtdihnew samples from objects. Accordingly, the more objects are in the perceptual
the current samples by bootstrap resampling. For this purpodeeld of the robot, the more likely it becomes that a feature is

Given the assignment probabilities we now can comput
the weights of the samples

we select every sample’,, with probability w?,. missing. Therefore, the resulting distribution shown in Fig. 1
does not correspond to a straight line lying on the diagonal.
3. Estimating the Number of Objects The termP(N* | Nk—1) specifies how the number of objects

The Joint Probabilistic Data Association Filter assumesChfrjlnges over time. In our system we model ‘?‘”"’a's of new
objects and departures of known objects as Poisson processes.

that the number of objects to be tracked is known. In practi- . .
cal applications, however, the number of objects often varies To adapt the number of objects in the SJPDAF, our system

. o . Py %
over time. For example, when a mobile robot is moving in auses the maximum likelihood estimate B{N™ | M). If

populated environment, the number of people in the percept_he number of particle filters in the SJIPDAF is smaller than

: & . o
tual field of the robot changes frequently. We deal with thistsh_e new egtlmattekfoN ’ ?}?V\é f";feth r}eefl o be _|n_|t|al|zefzd.

problem by additionally maintaining a densi(N* | M’“) Ince t\)’ye to not _T_O‘;Y Wtrl1c 0 ﬂet eatures or|g|r_}a € :qu
over the number of objectd at time k, whereM* — new objects, we initialize the new filters using a uniform dis-

mo, ..., my IS the sequence of the numbers of features obg.'btu.tl'gor;.' Wg tr_\en relt))/ on thet?iPDAZt? disambiguate this
served so far. Using Bayes' rule, we have IStribution during subsequent iter updates. .

In the alternative case that the new estimate &8 is
P(N¥|MF) = a-P(my | N¥,M*1). P(N* | MF~1).  smaller then the current number of particle filters, some of



Figure 2.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 detﬂ%ﬁtkg;éj’y) (center). Occlusion grid representing
P(occluded ,) (right).
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— In this situation two people pass a robot in a corridor which
' cause two local minima in the range profile of the laser range
scan. The third minimum is caused by a trash bin placed in
the corridor. Given these local minima we compute a set of
‘ \ _ two-dimensional position probability grids containing in each

T
&
-
»
-

cell the probabilityP(Iegﬁ_’y) that a persons legs are at posi-

_; R ‘ tion (x, y) relative to the robot. We generate one such map for
_ _ each feature in the range scan. An overlay of all three maps
Figure 3.From left to right, top-down: the current oc-  representing the candidates found in our example is shown in

cupancy mapP(occ,, | Z(k)), the p_reviOL_Js occupancy the center of Figure 2.
map P(ocGy | Z(k — 1)), the resulting difference map Unfortunately, there are other objects in typical office en-
P(new;,,), and the fusion of the difference map with the fea- i, nments which produce patterns similar to people. To dis-
ture maps for the scan depicted in Figure 2 . . - . . .
tinguish these static objects from moving objects our system
additionally considers the changes in consecutive scans. This
the filters need to be removed. This, however, requires that wis achieved by computing local occupancy grid maps [14] for
know which filter does not track an object any longer. To es-each pair of consecutive scans. Based on these occupancy
timate the tracking performance of a sample set, we accum@rids we compute the probabilit (new? , ) that something
late a discounted averag&” of the sum of sample weights moved to locatior(z, ):

W before the normalization step: P(nem/;’y) = P(occ,,, | Z(K)) - (1 — P(oce, | Z(k — 1))).

WE=01-8Wr!+swk (13)  Because the local mag(occ, ,, | Z(k)) are built while the
robot is moving, we first align the maps using the scan match-
Since the sum of sample weights decreases significantlyng technique presented in [11]. Figure 3 shows two subse-
whenever a filter is not tracking any feature contained in theyuent and aligned local grids and the resulting grid represent-
measurement, we use this value as an indicator that the caihg P(new! ).
responding object has left the perceptual field of the robot. In order not to loose track of a moving object when it stops
Whenever we have to remove a filter, we choose the one witbur system takes an inductive approach. A local feature is as-
the smallest discounted averaigg". sumed to be caused by a moving object either if it is supported
by P(nevx/;yy) or if a moving object was detected at the same
4. Application to Laser-based People Tracking position already in the previous scan

with a Mobile Robot P(supporﬁy) =1-(1- P(nev\/;y)) (11— P(objecfj;l)).
In this section we describe the application of the SIPDAF

to the task of tracking people using the range data obtainefﬂ1
with a mobile robot. Our mobile platform is equipped with

two laser range scanners mounted at a height of 40 cm. Ea (supporﬁ’y) with the position probability grid of the fea-

scan of these two sensors Covers the whole surrounding ?tfjre. Under the assumption that the probabilities are indepen-
the robot at an angular resolution of 1 degree. To represenfont we have

the state of a person we use a quadrupley, ¢,v), where

= andy represent the position relative to the robetis the P(object ) = P(legs; ,) - P(supporf )

orientation an@ IS the walking speed of the person. In the correction steps of the particle filters, we now use
To robustly identify and keep track of persons, our SyStemtheP(objecf; ) of each featura; (), 1 < j < my to com-

uses two different patterns in range scans which are typicalléute the samyéle weightsz, (k) |Jx, (k))_ -

caused by humans walking through a building. Consider a J o

an example the situation shown in the left image of Figure 2. P(zj(k) | 2¥,) = P(objecfji ) (14)

in

Finally P(objecfj}y) is a probability grid specifying
e probability, that a moving object is currently placed
t position (x,y). This grid is computed by combining



Additionally we have to compute the likelihood
p(zo(k) | x;(k)), that the person indicated by a sam-
ple z; ,,(k) has not been detected in the current scan. This
can be due to failure in the feature extraction or due to
occlusions. 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” containing for each position in the sur-
rounding of the robot the probabilitf’(occludedjvy) 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 2 is depicted in
the right image of Figure 2. To determid&zy (k) | z; »(k))
we use this occlusion map and a fixed feature detection
failure probability P(—Detec}:

P(zo(k) | 2;n(k)) = P(occluded, v -Detec). (15)

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 ac-
cording to Gaussian distributions. Thereby, the translational
velocity is assumed to lie between 0 and 150 cm/s. Addition-
ally, we use the static objects also extracted from consecutive
scans to avoid that samples end up inside of objects or move
through objects.

5. Experimental Results

~ Our approach has been implemented and tested exten- figyre 4. Tracking sequence showing a real photo and a
sively with our mobile robot as well as in simulation runs.  3p visualization of the state estimate at the same point

Throughout the experiments the robot was moving with i time. The time delay between consecutive images is
speeds of up to 40 cm/s. The current implementation is able 1 25 seconds.

to integrate laser range scans at a rate of 5Hz.

5.1. Performance of SJPDAF-Tracking person marked “a”. This delay is due to the number of object

In the first experiment our robot was moving in the cor- estimate and the occlusion by person *b”.
ridor of the department building. Simultaneously, up to 6 To estimate the accuracy of our approach, we manually
persons were walking in the corridor, frequently entering thedetermined the positions of the persons for each individual
robot’s perceptua| range of 8m. Figure 4 shows a short seScan and measured the distance to the estimated pOSitionS. It
quence of pairs of images taken during the experiment. Eackirned out that the average displacement between the ground
pair consists of an image recorded with a ceiling-mountedruth position and the estimated position was 19 cm and the
camera (left part) as well as a 3D visualization according tgnaximum displacement was 37 cm. In order to evaluate the
the current estimate of our system at the same point in tim@ccuracy of the estimation of the number of objects, we man-
(right image). The time delay between consecutive images igally determined the correct number of people in each scan
1.25 seconds and the robot moves with a speed of 40 cm/and compared them to the estimate of the system. Note, that
As can be seen from the figure, the robot is able to accuratel{€ estimation process is a filter, which smoothes out the ef-
estimate the positions of the persons. fect of random feature detection failures and false alarms, but

A typical situation is shown in Figure 5. Here the robot is it also introduces some delay in the detection of the change of
standing and three people are walking along the corridor. ThEe number of objects. We found an average detection delay
upper image shows the ground truth extracted from the dataf 1 sec. Neglecting this delay effect, the estimator correctly
recorded during the experiment. The lower image depicts théetermined the number of objects in 90% of all scans.
trajectories estimated by our algorithm. Please note that there To analyze the advantage of the explicit occlusion han-
is a certain delay in the initialization of the sample set for thedling, we systematically analyzed a data set recorded with



obstacle J obstacle
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Figure 7.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
Figure 5.Typical situation in which the robot had to track the obstacle.

three persons. Whereas the ground truth is shown in the up-

per image, the estimated trajectories are depicted in the lower Figure 7 shows a typical example in which the restricted

image. representation of Kalman filters leads to a wrong prediction.
Here the robot tracks a person which walks straight towards
- L an obstacle and then passes it on the right side (see solid line).

I e N | B The left image of Figure 7 also contains the probability den-

sities of the particle filters computed by the SJPDAF at three
different points in time. The grey-shaded contours indicate
— the corresponding distributions of the particles (the darker the
B higher the likelihood), which were obtained by computing a
histogram over a discrete grid of poses. The Mahalanobis dis-

— 7 - T tance of the Gaussians computed at the same points in time

by the standard JPDAF using a Kalman filter are shown in the
Figure 6.Estimated trajectories of two persons in a situation right image of Figure 7.
in which one person temporarily occludes the other. The ar- As can be seen from the figure, both filters correctly pre-
row indicates the point in time, when the occlusion occurred. dict the position of the person in the first two steps. However,
in the third step the Kalman filter predicts that the person will
our robot while it was moving at a speed of 40 cm/sec. Inmove into the obstacle. Our SJIPDAF, in contrast, correctly
this experiment two persons were walking in the corridor ofpredicts that the person will pass the obstacle either to the left
our department with speeds of 60cm/s and 80cm/s, respeor to the right. This is indicated by the bimodal distribution
tively. Figure 6 shows a typical situation which occurred dur-shown in the left image of Figure 7.
ing this experiment in which one person temporarily occludes )
the other. From the data we created 40 different sequences3. Advantage of the SJIPDAF over Standard Parti-
which were used for the quantitative analysis. For all these cle Filters
sequences we evaluated the performance of our tracking al- |n the past, single state particle filters have also been used
gorithm with and without occlusion handling. Thereby we for tracking multiple objects [13, 9]. This approach, which
regarded it as a tracking failure if one of the two sample setgests on the assumption that each mode in the density cor-
is removed or if one sample set tracked the wrong person afesponds to an object, is only feasible if all objects can be
ter the occlusion took place. Without occlusion handling, thesensed at every point in time and if the measurement errors
system failed in seven cases (17.5%). With occlusion hanare small. If, for example, one object is occluded, the sam-
dling, the robot was able to reliably keep track of both persongles tracking this object obtain significantly smaller impor-
and failed in only one of the 40 cases (2.5%). tance factors than the samples tracking the other objects. As
These experiments demonstrate, that our system is able tpresult, all samples quickly focus on the unoccluded object.
reliably and accurately keep track of several moving objects Figure 8 shows an example situation in which the robot
even in cases in which occlusions occur. is tracking two persons. Whereas one person is visible all
. the time, the second one is temporarily occluded by a static
5.2. Comparison to Standard JPDAFs obstacle. The upper row of the figure shows the evolution
As pointed out above, the main advantage of particle fil-of the samples using such a single state particle filter. This
ters compared to Kalman filters is that particle filters in prin-filter was initialized with a bimodal distribution using 1000
ciple can represent arbitrary densities, whereas Kalman filparticles for each object. As soon as the upper object is oc-
ters are restricted to Gaussian distributions. Accordingly, oucluded, all samples are moved to the unoccluded person and
SJPDAF-approach produces more accurate densities than ttree filter loses track of the occluded object. The lower row of
standard JPDAF using Kalman filters. the figure shows the samples sets resulting from our SIPDAF.

' occluded ,'.

-
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Figure 8.Tracking two persons with one sample set (top
row) and with two sample sets (bottom row). The arrows indi-
cate the position of the persons and their movement direction.
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