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Abstract: Tracking multiple targets is a great challenge for most tracking algorithms, since these algorithms tend to loose
some of the targets when they get close to each other. Hence, several algorithms like the MHT, the JPDAF
and the PMHT have been developed for this task. However, these algorithms are specialized on punctiform
targets, whereas in mobile robotics one has to deal with extended targets. Therefore, in this paper an algorithm
is proposed that can solve this problem. It uses the Viterbi algorithm and some geometrical characteristics of
the problem. The proposed algorithm was tested with real world data.

1 INTRODUCTION AND

RELATED WORK

laser scanner can be characterized in the following
way: most of the readings are from obstacles like
walls or other objects and only a few measurements
come from the tracked object itself. The problem
of allocation of data obtained from the presently ac-
counted target is called the data association problem
Bar-Shalom and Fortmann, 1988). As a solution to
his problem, a tracking algorithm might use a vali-
Sdation gate which separates the signals belonging to
the current target from other signals. A second cha-
racteristic of tracking people with laser range scan-
ners is the occurrence of several measurements from
the same object. In contrast to common radar based
tracking sensors the Sick laser scanner has a much
higher resolution and refresh rate. This leads to the
fact that the tracked object generates several measure-
ments. Therefore, we have to deal with what we call
extended objects instead of punctiform objects like in
the common radar tracking literature. Thereby, punc-
tiform targets are those ones, which are the origin of
just one measurement. A third characteristic of track-
ng in the field of mobile robotics is the occurrence of
crossing targets. This means that two or more targets
get very close to each other, so that they cannot be

For many real world applications it is essential that a
robot is able to interact with its environment. This is
true for multi—robot systems where a group of robots
has to solve a given task or where robots are suppose
to support people. For such situations, the awarenes
of the position of people and other robots is a funda-
mental ability for a mobile unit to be able to interact
with its environment in an appropriate way.

This problem can be analyzed under the superordi-
nate concept of tracking. Tracking denotes the esti-
mation of the position of an object based on conse-
cutive sensor measurements. It is well studied in the
field of aerial surveillance with radar devices (Bar-
Shalom and Fortmann, 1988). In the area of mo-
bile robots tracking is also a well established research
topic (Prassler et al., 1999; Schulz et al., 2001; Fod
et al., 2002; Fuerstenberg et al., 2002). In mobile
robotics laser range scanners are one of the preferre
sensor devices. A Sick laser range scanner for ex-
ample can measure the distance to the next reflect-

ing obstacle with a high angular resolution of e.g.
0.25 degree. Lasers have rapidly gained popula-
rity for mobile robotic applications such as collision
avoidance, navigation, localization and map building
(Thrun, 1998).

The problem of tracking people and other objects in
densely populated environments with a robot-borne
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separated by common tracking algorithms (Fortmann
et al., 1983), (KauRling et al., 2005). This situation
can appear e.g. when two humans meet, talk to each
other and split again and is a well known problem in
mobile robotics (Prassler et al., 1999).

There are several methods for tracking punctiform
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crossing targets in clutter: e Tracking moving objects whose trajectories cross
1. the MHT (Multi Hypothesis Tracker) introduced by each other is a very gener_al problem ... Problems
Reid in 1979 (Reid, 1979). of this type cannot be eliminated even by more so-

phisticated methods ... (Prassler et al., 1999).
2. the JPDAF (Joint Probabilistic Data Association

Filter) introduced by Fortmann, Bar-Shalom and *® Tracks are |ost when people walk too closely to-

Scheffe in 1983 (Fortmann et al., 1983). gether ... (Schumitch et al., 2006).
3. the PMHT (Probabilistic Multi Hypothesis With respect to these circumstances our research
Tracker) introduced by Streit and Luginbuhl in 970UP has developed a new method that solves the
1994 (Streit and Luginbuhl, 1994) problem of tracking two extended crossing targets

(KrauBling et al., 2004b; Kaulling et al., 2005). Un-
Of course, an extension of these algorithms for track- fortunately this algorithm is not able to deal with
ing extended crossing objects is straightforward. But more than two crossing objects in its current state.
there are several reasons, why such approaches mighTherefore, recently our research group has developed

fail: a more general algorithm, which is able to deal with
o in most cases there are several measurements fronn arbitrary number of crossing objects, i.e. objects
the same target. that get very close to each other. This algorithm is the
. ) ) main contribution of this work.
o the crossing can last for a longer time period. The remainder of this paper is organized as follows.
« one of the objects might be occluded by the other In section 2 the mathematical background including
object for some time. the used model, the validation gate, and two basic

tracking algorithms are given. In section 3 the new
algorithm for tracking multiple interacting objects is
introduced. Furthermore, in section 4 the experimen-
tal results are presented. Finally, section 5 contains
As an example we give the results for an EM based the conclusions.

method (Stannus et al., 2004), which is an exten-

sion of the PMHT (Streit and Luginbuhl, 1994) to

extended targets. Figure 1 shows the results when
applying this algorithm to real data. It shows the es- 2 THEMATHEMATICAL
BACKGROUND OF THE

e the objects can accomplish very abrupt maneuvers
during the crossing or especially at the end of the
crossing.

000 _ Estimated Paths A L GORI T H M S
21 TheModel
gmo ‘ The dynamics of the objects to be observed and the
L e B observation process itself are modeled by a hidden
Gaul—Markov chain with the equations
-15910200 -1100 -1000 -900 —BOO» -700 -600 -500 -400 -300 xk = A$k71 + wk*l (l)
and
Figure 1: Crossing of two objects, real data, EM based 2z, = Bxy + vp. @)
method.

x is the object state vector at tinke A is the state
transition matrix,z; is the observation vector at time

k and B is the observation matrix. Furthermore;

and v, are supposed to be uncorrelated zero mean
white Gaussian noises with covariancgand R.

Since the motion of a target in the plane has to be
escribed a two dimensional kinematic model is used.
Therefore, itis

timates for the position of the objects by use of el-
lipses. Thereby the estimated position is the centre
of the ellipse, whereas the shape of the ellipse repre-
sents the actual geometry of the tracked object. The
objects start in the left and move to the right. Ob- d
viously, the algorithm looses the one of the targets,
which moves to the upper right after the crossing. See
also figure 2. Moreover, the computational burden for
applying these algorithms is very high when applied
to extended targets, since these objects can be the oriwith x;; andxy, the Cartesian coordinates of the tar-
gin of up to ten measurements. These difficulties are get andiy; and:is, the corresponding velocitiesy,

well known in the mobile robotics community: just gives the Cartesian coordinates of the target. For

. . T
ap=( Ty Thy Ek Tk ) @)
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the coordinates the equation of a movement with con-

stant velocity is holding, i.e. itis

(4)

AT is the time interval between two consecutive mea-

Tr1,j = Trj + ATy,

be in the range of 900. Thus, after some optimization
process we used

surements. For the progression of the velocities we and

use the equation

Er1,y = € AT Ok + BV1 — e2AT/Ou(k) (5)

from (van Keuk, 1971) with the zero mean white
Gaussian noise(k) with E[u(m)u(n)’] = mun.
Thus, the velocity is supposed to decline exponen-
tially. The term

YV 1 — e 28T/ (k) (6)

models the process noise and the accelerations.
2.2 TheValidation Gate

The validation gate is realized using the Kalman filter.
The Kalman filter calculates a predictigik + 1|k)

for the measurements, ; ; from the actually hand-
led target at time step + 1 via the formula

y(k +1|k) = B - A - z(klk). (7)

x(k|k) is the estimate for the position of the target at
time stepk. For every sensor reading. ; of the
time stepk + 1 (I = 1, ... 360) the Mahalanobis dis-
tance) (Mahalanobis, 1936) with

A= (zrgr0 —y(k+ 1|k) " - [S(k+1)] "

(Zh1,0 — y(k + 1]k)) (8)
is computed. Then all measurements with> \,,, ..
with a given threshold,,,,. are excluded. See (Bar-
Shalom and Fortmann, 1988) for further details. This
procedure results in a s€x 1}, of my ;1 se-
lected measurements; ;. The matrixS(k + 1) is
the innovations covariance from the Kalman filter. In
common filter applications this matrix is calculated
from the predictions covariand@(k + 1|k) with the
equation

S(k+1)=BP(k+1k)B" + R 9)

with the given covariance matrik of the measure-
ment noise. But for tracking extended objects this ap-
proach is not sufficient, since there is an additional

780 0
E= < 0 780 > (10)
S(k+1)=BP(k+1k)B" + R+ E. (11)

The values of the entries of the matikx vastly ex-
ceed the values of the entries of the matRixso that
the main contribution in equation 11 comes from the
matrix E.

2.3 TheKalman Filter Algorithm
with Equal Weights

This algorithm first calculates an unweighted mean
zg+1 Of the my1 measurement$z; 1}, , that
have been selected by the gate, i.e. itis

Mk+1

E 2l

=1

1l

ME41

Zk+1 = (12)

This mean is used as the input for the update equation
of the Kalman filter, i.e. it is

z(k+1lk+1) = x(k+1|k)+ Ky (2rr1—y(k+1]k))

(13)
with the predictiong:(k+1|k) andy(k+1|k) and the
Kalman gainK}; derived from the Kalman filter.
Finally, the estimates(k + 1|k + 1) are further im-
proved by the use of the Kalman smoother (Shumway
and Stoffer, 2000). The corresponding algorithm is
called Kalman filter algorithm (KFA). As has been
shown in (K@&uRling et al., 2005) it is very fast and
gives good information about the position of the tar-
get, but cannot reproduce multimodal probability dis-
tributions. Thus it is not able to handle multiple inter-
acting targets.

2.4 The Viterbi Based Algorithm

The Viterbi algorithm has been introduced in (Viterbi,
1967). A good description is also given in (Forney Jr.,
1973). It has been recommended for tracking puncti-
form targets in clutter in (Quach and Farooq, 1994)
and for tracking extended targets in &u3ling et al.,
2004a). It calculates for each selected measurement

influence of the extendedness of the object to the 2, ; a separate estimaig¢k+1|k+1),. For the cal-

deviation of the measurements from the prediction
y(k + 1|k). To take care of this feature an accessory
positive definite matrix® should be added in equa-

tion 9. Otherwise a lot of the measurements from the

target would be excluded by the gating process. Be-

culation of the estimates(k + 1|k + 1), in the update
equation 13 the measuremeijt,, ; and the predic-
tionsz(k + 1|k),; andy(k + 1|k), from the predeces-
sorj are used. When tracking punctiform targets in
clutter, the predecessor is determined by minimizing

cause the lateral dimension of people usually shows athe length of the paths endingig,, ;. When regard-

radius in the range df0 ¢m, the entries ofy’ should
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in the validation gate are from the target, so that it
is not meaningful to consider the lengths of the paths
ending in the possible predecessgfs when deter-
mining the predecessor. Therefore, a better choice for
the predecessor is that one for which the Mahalanobis
distance (Mahalanobis, 1936)

Vl;r-&-l,j,i[s(k + D] kg (14)

is kept to a minimum. Therey,. 1 ;; is the innova-
tion
Vktl,ji = Zkt1 — Y(k + 1|E); (15)

andS(k + 1) is the innovations covariance. This pro-
cedure is similar to a nearest neighbour algorithm.
When applying the Viterbi algorithm the application
of the validation gate is performed in the following
way. At first for every selected measuremept; the
gate is applied to the measurements at timéd. That
results in the set&;,; ; of measurements which have
passed the particular gate for the measurenignt
successfully. The set of all measuremeijts, ;, that
are associated with the target, is then just the union of
these sets. By this procedure it is ensured, that the cor-
responding tracking algorithms can deal with multi-
modal probability distributions to some extend, which
is a major improvement when dealing with multiple
interacting targets.

The estimates delivered by the Viterbi algorithm
are used as follows. One of these estimates is chosen
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(a) The algorithm tracks three distinct, moving

targets.
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(b) Two of the targets get in close proximity of each
other, and are therefore represented by one cluster.

Figure 3: First Experiment.

as an estimate of the position of a target. This estimate3 AN ALGORITHM FOR

TRACKING MULTIPLE
INTERACTING OBJECTS

is the one with index one. Again, different from track-
ing a punctiform target in clutter, it is not meaningful
to make use of the lengths of the paths corresponding
to the estimates and to choose the estimate with the
shortest corresponding path. The corresponding algo-
rithm is called Viterbi based algorithm (VBA) and has

been introduced in (KuRling et al., 2004a). The dis- ® single targets.

Our new algorithm uses two classes of objects:

advantages of this algorithm are a great computationale clusters, which represent at least two interacting

burden and a poor information about the position of
the tracked objects (Kuliling et al., 2005).
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Figure 2: Two crossing targets.

-200

objects, i.e. objects that are moving very close to
each other.

Single targets are tracked with the KFA, since there is
no need for representing multimodal probability dis-

tributions. Furthermore, this algorithm is very fast

and gives very accurate information about the posi-
tion of the tracked object.

Clusters are tracked with the VBA, since multi-
modal distributions have to be represented. This ap-
proach guarantees that none of the objects that are
associated with the cluster is lost. This fact is im-
portant especially when the objects split and start to
move separately again.

Three different events have to be regarded when
tracking multiple interacting objects:

1. The merging of two single targets. This means that
two single targets get very close to each other. This
is the case, if at least one measurement lies in the
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(a) The third target joins the other two and is also as-
sociated with the cluster.
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(b) One of the targets separates from the others, thus
we can track subclusters.

Figure 4: First Experiment.

validation gates of both targets. Then the algorithm
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(a) The other two targets also separate and therefore
three subclusters are tracked.
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(b) Once these subclusters leave each others proxim-
ity, the single targets can be tracked.

Figure 5: First Experiment.

For each tracked cluster, we have to detect if it dis-

stops to track the two single targets with the KFA Perses into its single targets. For this, we define three
and starts tracking a cluster, which contains both conditions, that are checked by the algorithm:

targets, using the VBA. Therefore, it uses the mea-;

surements lying in the validation gates of both tar-
gets.

2. The merging of a single target and a cluster. This
means that a single target and a cluster get very
close to each other. This happens, if at least one
measurement lies in the validation gates of the tar-
get and the cluster. In this case the algorithm stops
to track the single target and the cluster separately.
Instead it starts tracking a combined cluster. There-
fore, it uses the measurements lying in the valida-
tion gates of both the single target and the previ-
ously considered cluster.

3. The merging of two clusters. This means that two
clusters get very close to each other. This is the
case, if at least one measurement lies in the val-
idation gates of both clusters. If this is true, the
algorithm stops to track the two clusters and starts
tracking a combined cluster. Therefore, it uses the
measurements lying in the validation gates of both
previously considered clusters.

Note, that whenever a merging takes place, the algo-2.

rithm remembers the single targets which correspond
to the new combined cluster.

22

. The position estimates corresponding to the mea-

surements in the validation gates are separated into
subclusters. For this purpose, we select the first es-
timate, which then is associated with the first sub-
cluster. For all other estimates associated with the
cluster, the Euclidian distance to the first estimate
is calculated. If this distance is below a certain
threshold, the estimate is associated with the first
subcluster. In our experiments, we set the thresh-
old to 150 em, which corresponds to the maximum
distance between the legs of a walking person. We
then have to consider the estimates, for which the
Euclidean distance to the first subcluster exceeds
this manually chosen threshold. Using the same
procedure we applied for building the first subclus-
ter, we now construct subclusters until all estimates
are associated with one of these smaller clusters. If
the number of subclusters equals the number of tar-
gets that were merged into this cluster, the first con-
dition for the dispersion of the cluster is fulfilled.
Then, we proceed with step 2.

We now check the distance between the subclusters
pairwise. If the distance is above a manually cho-
sen bound, we regard these clusters as separated.
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Estimated Positions, time step 120 Estimated Positions, time step 280
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(@) The algorithm tracks four distinct, moving tar- (a) The third and fourth target get close to each other
gets. and are also represented by a cluster.
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(b) Two of the targets get in close proximity of each (b) The two clusters join and thus all four targets are
other, and are therefore represented by one cluster. associated with one cluster.
Figure 6: Second Experiment. Figure 7: Second Experiment.

We chose the value of that bound tod#® cm. The 5 jjiystrates how our algorithm works in the case of

second condition is fulfilled, if the number of pairs o targets using the data from figure 1. In the figures
of separated subclusters equ%ﬁ@’rl). Therebyn in this section single targets are indicated by a green
is the number of single targets associated with the ellipse, whereas clusters are indicated by a blue el-
cluster. Hence, we are checking if all subclusters lipse. As soon as the above mentioned conditions are
are pairwise separated. met, we are able to track the two targets separately

3. Above this, we can separate single subclusters fromagain.
the cluster. This follows the same logic as in step  Inthe first experiment, three persons moved around
1. Note, the algorithm is not able to determine, how the observer in counterclockwise direction. At first,
many targets are represented by a single subclusterthese three persons are tracked separately and thus,

If conditions 1 and 2 are met, thesubclusters are  N€ algorithm uses the KFA (figure 3(a)). Then, two
associated with the single targets, that are therefrom of the single targets get into clo_se proximity of eagh
tracked with the KFA. When separating targets from Other and are therefore merged into one cluster, which
clusters, we cannot guarantee if the target association's 'acked using the VBA (figure 3(b)). In the next fig-
is the same as before merging the targets into the clus-ure: the '.[h'rd person joins Fhe group and is alsq asso-
ter. We believe that there is no solution to this prob- ciated with the cluste_r. This combined cluster is still
lem, if we exclusively use anonymous sensors like racked by the VBA (figure 4(a)). Next, the combined
laser range finders. clus.ter'spllt a_fter a while into two subclusters V\./h'ICh

are indicated in figure 4(b). Then, the cluster split into
three subclusters, which are indicated in figure 5(a).
At this stage of the experiment, condition one is met,
4 EXPERIMENTS but not condition two. Finally, the three persons split
up fulfilling condition two and the persons are tracked
The presented algorithm was tested with real world as single targets again (figure 5(b)). Since we are not
data, recorded in our laboratory. In this section we able to tell how many targets are associated with a
show the data of two experiments. Before this, figure subcluster in general, only the total number of targets
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Estimated Positions, time step 610 Estimated Positions, time step 680
28001 2800

2600 2600
2400 2400
2200

2200+ L
2000 L

2000

1800

P 1600 e
1400 e

L _J 1200

1200 1000 time:680

1000+ time:610 8

1800

1600 -
1400 -

00 . L . L L L A
800 1000 1200 1400 1600 1800 2000 2200 2400

800
800 1000 1200 1400 1600 1800 2000 2200 2400

(a) The targets split after a while and are therefrom

(a) The combined cluster splits after a while into two tracked as subclusters.
subclusters, each of them consisting of an unknown
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(b) Then, the targets can be tracked individually.
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(b) One of the subclusters splits into two subclusters. Figure 9: Second Experiment.

Figure 8: Second Experiment. . .
e the merging of two single targets to a cluster.

e the merging of a single target and a cluster.

is known. Thus, we have to wait until all targets are ) )
separated according to the defined conditions before® the merging of two clusters to a combined cluster.

the algorithm tracks the individual targets using the o the splitting of a cluster into subclusters which are
KFA. indicated separately in the graphics.

In the second experiment, we let the algorithm . .
track four people. All four persons started walking ® the splitting of several targets tracked in a cluster to
alone. Consequently, they are tracked independently ~Single targets.
using the KFA (figure 6(a)). Then two of them are
walking together and are therefore tracked in a sin-

gle cluster using the VBA (figure 6(b)), whereasthe 5§ CONCLUSIONS
other two people are still walking separately. In the

next step,/the other. two persopspre also walking to- In this work we presented a novel algorithm for track-
gether. The result is that these two are also tracked., p g

using a single cluster and thus, the algorithm tracks ing multiple extended interacting objects. It consists

two distinct clusters, each representing two persons Of & Kaiman filter tracking procedure for tracking sin-
(figure 7(a)). Then, in figure 7(b) all four of them gle targets W|t_h h|g_h accuracy and low conjputan_onal
are walking together, what results in the merging of effort, and a Viterbi based method for tracking objects

the two clusters to one combined cluster, representingthat are close to each other. The latter part facilitates
all four persons. Next, this combined cluster splits _clustermg. to be able to separate the targets correctly
into two subclusters, each consisting of an unknown if they sphtlup. . .

number of targets (figure 8(a)). In figures 8(b) and _ !N €Xperiments we showed this algorithm to be ca-
9(a) these subclusters split up into four subclusters, Pablé of tracking multiple crossing targets without
Finally, condition two is met and therefore the four any restriction. Of course, since we only use laser

targets are tracked individually again (figure 9(b)). range finders, the target association after a crossing
In the experiments, we showed that our algorithm may be interchanged. There are several approaches

is able to keep track of all targets for all situations that that might be investigated to eliminate this drawback:
can occur when tracking multiple targets: o different colours of the pairs of trousers people
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wear might result in different intensities of the re-
flected laser beams.

e people could wear badges sending out for instance

infrared or ultrasound signals which can be re-
ceived by specific sensors to identify the tracked
people (Schulz et al., 2003).

e usually people wear clothing with different colours.
This information could be exploited for the identifi-

cation of the people using a camera network as has

been proposed in (Schumitch et al., 2006).
Since, up to our knowledge, our method is the first

to be able to track several interacting objects without

loss of track, it might be challenging to combine our
approach with one of these attempts.

So far, we only used a non moving observer. In
principle it is possible to extend the method to be suit-
able for moving observers. This is part of the ongoing
research and will be presented in following publica-
tions.
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