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Abstract: Tracking extended objects like humans in crowded environments is one of the challenges in mobile robotics.
Several characteristics must be taken into consideration when evaluating the performance of such a tracking
algorithm — e.g. accuracy, the need for computation time and the ability to deal with complex situations
like crossing targets. In this paper two different algorithms for tracking extended targets are examined and
compared by means of these criterions. One result is that none of the algorithms alone is a sufficient solution
to the criterias. Therefore, a switching approach using both algorithms is introduced and tested on real data.

1 INTRODUCTION AND walls or other objects and only a few measurements
RELATED WORK come from the tracked object itself. This fact is illus-
trated in figure 1. It shows the measurements of one
scan in a real system in our laboratory. In the scenario
the observing robot, at which two Sick lasers with a
180 degree field of view each are mounted back to

One aspect in mobile robotics is the assistance of hu-
mans in order to accomplish a task (e.g. support el-

derly people). A precondition for this usage is that the back, is located in the centre with coordinates).

robot is able to follow the human partner. Therefore, Th two h in the field of vi fth

it is necessary that the robot has the ability to estimate ere are two humans in the Tield of view ot e ro-
bot. Furthermore, there are two wall-like obstacles.

the current position of the human. This problem can L
be analysed under the superordinate concept of track-MoSt of the measurements originate from the walls

ing. Tracking denotes the estimation of the position of the laboratory. The problem of allocation of data
of an object based on consecutive sensor measure-
ments. It is well studied in the field of aerial surveil-
lance with radar devices (Bar-Shalom and Fortmann,
1988). In the area of mobile robots tracking is also a
well established research topic (Prassler et al., 1999),
(Schulz et al., 2001), (Fod et al., 2002) and (Fuer-
stenberg et al., 2002). In mobile robotics laser range
scanners are one of the preferred sensor devices. A
Sick laser range scanner for example can measure the
distance to the next reflecting obstacle with a high
angle resolution of e.g. 0.25 degree. Lasers have
rapidly gained popularity for mobile robotic applica- Figure 1: Measurements of one scan.
tions such as collision avoidance, navigation, local-
ization and map building in the recent years (Thrun, obtained from the presently accounted target is called
1998), (Thrun et al., 1999). the data association problem (Bar-Shalom and Fort-
The problem of tracking people and other objects in mann, 1988). As a solution to this problem, a tracking
densely populated environments with a robot—borne algorithm might use a validation gate which separates
laser scanner can be characterized in the following the signals belonging to the current target from other
way: most of the readings are from obstacles like signals. A second characteristic of tracking people
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with laser range scanners is the occurrence of severa? THE MATHEMATICAL
measurements from the same object. In contrast to BACKGROUD OF THE
common radar based tracking sensors the Sick laser

scanner has a much higher resolution and refresh rate. ALGORITHMS

This leads to the fact that the tracked object gener-

ates several measurements. Therefore, we have t?. 1 The model

deal with what we call extended objects instead of

punctiform objects like in the common radar track- The dynamics of the object to be observed and the

ing literature. Thereby, punctiform targets are those opservation process itself are modeled by a hidden
ones, which are just origin of one measurement. A aur_Markov chain with the equations

third characteristic of tracking in the field of mobile

robotics is the occurrence of crossing targets. This T = Axgp_1 + wi_1 Q)

means that two targets get very close to each other,

so that they cannot be separated by common trackingand

algorithms (Fortmann et al., 1983), @uRling et al., 2 = Bxy + vg. 2

2004b). This situation can appear e.g. when two hu- Therebyz,, is the object state vector at tinke A is the

mans meet, talk to each other and split again and is state transition matrix;, is the observation vector at

a well known problem in mobile robotics (Prassler time k andB is the observation matrix. Furthermore,

etal., 1999). wy, andvy, are supposed to be uncorrelated zero mean
In section 2 we introduce two algorithms which white Gaussian noises with covariancgsndR.

can deal with tracking extended objects as long as  Since the motion of a target in the plane has to be

they are not crossing. The first algorithm just makes described a two dimensional kinematic model is used.

use of the Kalman filter (Kalman, 1960), whereas Therefore, it is

the second one also is based on the Viterbi algorithm

(Viterbi, 1967). The application of the Kalman fil- 2= ( Th1 Th2 Tkl k2 )T 3)

ter has a long tradition in mobile robotics (Crowley, . . .

1989), (Leonard and Durrant-Whyte, 1992) and (Dis- with xkl.andxkg.the Cartesian coor_dlnates o_f_the tar-

sanayake et al., 2001). Additionally, the underlying 98t andiz andiy. the corresponding velocitiesy,

models for the dynamics and the observation processd/Ves just the Cartesian coordinates of the target. For

of the object are proposed and the details of the val- e coordinates the equation of a movement with con-

idation gate are given. In section 3 the results of the Stant velocity is holding, i.e. itis

comparison of the accuracy and the computation com- Trs1j = Thj + ATy, )

plexity of the algorithms are summarized. The com-

parison of different algorithms is a well introduced TherebyAT is the time interval between two consec-

issue in mobile robotics (Gutmann et al., 1998) and utive measurements. For the progression of the veloc-

(Gutmann and Fox, 2002). In section 4 the perfor- ities we the equation

mance of the algorithms under the condition of cross-

ing targets is studied and it is shown, that none of dxy1; = e 27/Cdp; + V1 — e=28T/Oy(k) (5)

the algorithms can handle this situation sufficiently.

Therefore an improved algorithm based on the Viterbi

algorithm is introduced. In section 5 a new hybrid

or switching algorithm, which is the main contribu-

tion of this work, is proposed as a possible solution of

_the tracking pr(_)blem in mobile robotic_s. It uses the Z\/l—e_TT/@u(k) ©6)
improved algorithm only when a crossing occurs and

otherwise it just uses a simple Kalman filter. The per- models the process noise and the accelerations. For

formance of the switching algorithm is tested on real the details of the resulting matrices, B, Q and R
data in detail. Finally, in section 6 the summary and e refer to (KauRling et al., 2005).
an outlook on future work are given.

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

2.2 The validation gate

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

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

y(k+1|k) = B- A-x(k|k). 7)
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Therebyz(k|k) is the estimate for the position of the
target at time steg. For every sensor reading ;

of the time stefk+1 (I = 1,. .. 360) the Mahalanobis
distance\ (Mahalanobis, 1936) with

A= (g — (k4 1R - [SCk + 1))

(2410 — y(k + 1[k)) (8)
is computed. Then all measurements with >
Amaz With a given treshold\,,,,.. are excluded. See
(Bar-Shalom and Fortmann, 1988) for further details.
Thereby the matrid§(k+1) is the innovations covari-
ance from the Kalman filter. In common filter appli-
cations this matrix is calculated from the predictions
covarianceP (k + 1|k) with the equation

S(k+1)=BP(k+1|k)B" + R (9)
with the given covariance matrik of the measure-
ment noise. The predictions covariance is derived
from the equation

P(k+1]k) = AP(k|k)AT + Q. (10)

But for tracking extended objects this approach is not
sufficient, since there is an additional influence of the

One characteristic of the model proposed in this pa-
per consists of the fact, that the sequefisg } 7> ; of
the Kalman gains (please note equation 15 for a de-
finition) converges very rapidly to a limit. Thus the
calculations of the matriceK;, can be omitted and
instead it is sufficient to calculate and use the limit
K = limy_, . K. This limit can be calculated quite
easily, similar to the case of the-g—filter described
in (Ekstrand, 1983) or (Kalata, 1984). These facts can
be exploited for the development of a tracking algo-
rithm for real time applications.

2.3 The Kalman filter algorithm
with equal weights

This algorithm first calculates an unweighted mean
zg+1 Of the my1 measurement$zy,1,}, 5™, that
have been selected by the gate, i.e. itis

M1

E Zk+1,1-

1=,

1
2+l =
MEg41

(13)

This mean is used as the input for the updating equa-

extendedness of the object to the deviation of the mea-tjony of the Kalman filter. i.e. it is

surements from the predictigrik+1|k). To take care
of this feature an accessory positive definite maffix

should be added in equation 9. Because the lateral di- A
mension of people usually shows a radius in the rangewith the predictionsz(k + 1[k)

of 30 em, the entries off should be in the range of
900. Thus, after some optimization process we used

780 0
b= ( 0 780 > (11)
and
S(k+1)=BP(k+1k)B" +R+E. (12

Thereby the values of the entries of the matfix
vastly exceed the values of the entries of the matrix
R, so that the main contribution in equation 12 comes
from the matrix £. Of course, a more elaborated
model of the target shape like in (Guivant and Nebot,
2001), (Taylor and Kleeman, 2004) or in (Zhao and

x(k+1lk+1) = z(k+1|k)+ Kit1(zk+1—y(k+1]k))

(14)
Az(klk) and
y(k + 1]k) and the Kalman gait,, derived from
the Kalman filter via the formula

Kii1=Pk+1k)BT[S(k+1)]! (15)

or as supposed above by using the lifitof the se-
quence{ K} }7° ;. The covariances are then updated
with the equation

P(k+1)k+1) = P(k+1|k)— K1 S(k+1)[ K1) "

(16)
Finally, the estimates(k + 1|k + 1) are further im-
proved by the use of the Kalman smoother (Shumway
and Stoffer, 2000).

Shibasaki, 2005) could be used. These authors have2.4  The Viterbi based algorithm

developed models for walking, modeling the move-
ment of the two legs of a person explicitly. Thereby

The Viterbi algorithm has been introduced in (Viterbi,

they make use of the fact that the laser scanners arel967). A good description is also given in (Forney Jr.,

usually mounted at the height of the legs. We have

1973). It has been recommended for tracking puncti-

rejected such an approach because of the computaform targets in clutter in (Quach and Farooq, 1994)

tional burden aligned with these approaches. More-

over looking at the actual data we get from the laser

and for tracking extended targets in @ling et al.,
2004a).

scanners we found that its hard to separate the legs Whereas the Kalman filter algorithm (KFA) uses all
of the persons in most of the scans. Finally, as one measurements in the validation gate as an unweighted
of the references has already mentioned, the situationmean, the Viterbi based algorithm (VBA) calculates a
can get very complex when there are crossing targetsseparate estimate(k + 1|k + 1), for every selected

(Taylor and Kleeman, 2004). This can result in a dra-

measurement1; with ¢ = 1,...,myy;. There-

matic increase of the number of hypothesis used for fore it uses a directed graph. The nodes of this graph

the modeling of the walking persons.
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selected measurements. Given the selected measure3 EVALUATION OF THE

mentsZ, = {z;} % attime stepk the selected
measurements for the time step- 1 are determined
as follows: for every selected measurement the
predictiony(k + 1|k); is calculated based on the esti-
matex(k|k);. Then the corresponding validation gate
is applied to the measurements of tithe- 1. This
results in a se¥;, ; of measurements which have
passed the particular validation gate for the measure-
mentz;, ; successfully. The séf;, of selected mea-
surements at timé + 1 is then just the union of these
sets, i.e.

Zg1 = Ui Zxs - 17)

ar+1,5: the distance between the nodgs; and
Zk+1,i, IS calculated using the formula

L+

SVk+1,5,i

5 [Skia] ™" Vk41,j,i+

k41,55 =

+1In ( |27rSk+1\) . (18)
Therebyv;, 11,5, is the innovation defined as
Ukl = 2+, — Y(k + 1]E);. (19)

Sk+1 andy(k + 1|k); are the innovation covariance
respectively the previously defined prediction evalu-
ated by the Kalman filter, based on the nodgs =
{z1:0,5) }1_, belonging to the path ending in ;.
Thereby, the seZ, ; is called the tracking history be-
longing to the node;, ; (see below). The predecessor
of the nodez;41; is that nodez;, ; which minimises
the lengthdy, ; +ax41,;,; Of the corresponding path in

the graph. For this purpose only those measurements

z1,; whose gates have been passedjby; ; success-
fully are considered (Pulford and Scala, 1995). The
corresponding index is referred to aék,i). The
length dy1 ; of the path ending iresy;; is then
received asly, (ki) + arj(ki)i- ThUs by a recur-
sive algorithm for every selected measurement at time
k+ 1 the tracking historyZ;,,; ; is determined. Next,

a Kalman filter is applied to calculate an estimate
x(k+ 1|k + 1), for the measuremeny,;; ; using the
predictiony(k + 1[k) ;x;) as the input in formula 14.
For further details of the algorithm please see refer-
ences (KauBlling et al., 2004a) and (Kuf3ling et al.,
2004b). Finally, when the last scan is reached, the

ALGORITHMS

Unfortunately, a detailed evaluation of the algorithms
with respect to accuracy and need for computation
time is beyond the scope of a conference paper. So
we would like to point out just the main results gained
from simulated data: the KFA outmatches the VBA
in terms of both criterions. For the comparison of
the algorithms we used simulated data of an exem-
plary problem. Thereby, a circular object with radius
27 cm moves on a circle with radiugaround the ob-
serving robot. The radiug has been varied fromm

to 8 m and the standard deviation of the laser mea-
surements has been varied frémm to 10 cm. Simu-
lated data have been used, because we needed to know
the true position of the target very accurately, a goal
which is hard to achieve using data from a real ex-
periment. This case has already been mentioned by
other authors (Zhao and Shibasaki, 2005). The val-
ues used for the distance and the standard deviation of
the measurement noise are typical for real objects ob-
served with a Sick laser. The values for the distance
between the estimated position and the true position
of the object are in the range afem for the KFA,
whereas they are in the range2ifcm for the VBA.

The computing time needed for one computation step
of the KFA is approximatel\20 ms, whereas it is in

the range fronY0 ms to 1.5 s for the VBA depending

on the distance of the observed object. Figures 2 and
3 show the results for the standard deviatiors efn

of the laser measurements. The results for the other
standard deviations are similar. Please note the loga-
rithmic scaling of the ordinates. Further details are

distance from the true position
10° . : : .

distance in cm

10°

KFA

107
100

. . . .
400 500 600 700
radius d in cm

L L
200 300 800

tracking history with the shortest length of the path Figure 2: Comparison of the distances from the true posi-
is chosen and the corresponding estimates are usedion.

as the estimates for the state and the position respec-

tively of the object. As in the case of the KFA, these

estimates are further improved by use of the Kalman given in a technical report published by the authors
smoother. (Kraufling et al., 2005).
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Figure 5: Application of the KFA to crossing targets, real

data.
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The crossing of two targets means that the validation osites o

gates of two targets intersect, i.e. some measurement:
are lying in the validation gates of both of the two
targets. Figure 4 shows a typical situation.

Figures 5 and 6 show the behaviour of the two in-
troduced algorithms when being applied to the prob-
lem of crossing targets using real data originating
from an experiment with two walking persons in our
laboratory. They show the estimates for the position
of the objects calculated by the two algorithms by use
of ellipses. Thereby the estimated position is the cen-
tre of the ellipse, whereas the shape of the ellipse rep-
resents the actual geometry of the tracked object. The
objects start in the left and move to the right as indi-
cated in figure 4.

‘?—'igure 6: Application of the VBA to crossing targets, real
data.

group, for instance an EM (Expectation Maximisa-
tion) based algorithm (Stannus et al., 2004). Thus,
we have developed an improved algorithm based on
the VBA that can deal with the problem of crossing
targets (Kaul3ling et al., 2004a). It uses the fact, that
the VBA is able to cope with multimodal densities to
some degree. This feature is due to the fact, that the
VBA calculates separate validation gates and state re-
spectively position estimates for every selected mea-
surement. The handling of multimodal densities is a
characteristic that the VBA algorithm has in common
with the SJPDAF algorithm (Schulz et al., 2001). But
while this algorithm uses particle filtering (Gordon

Qbicgt 1 etal., 1993), (Pitt and Shephard, 1997) and thus has to
deal with several hundreds of particles, the Viterbi al-
gorithm only handles a few points or state estimates.

Additionally, these points contain some information
Crossing about the geometry of the tracked object as proposed
in (Krauf3ling et al., 2004a). When a crossing between
Object 2 two targets occurs the VBA shows the following be-
haviour: as soon as the crossing takes place the al-
gorithm tracks all points originated from both objects
simultanously. When the crossing is over, these points
are again separated into two distinct clusters of points
Figure 4: Two crossing objects. and these clusters are still tracked simultaneously for
both objects. Only the assignment of the clusters to
Obviously none of the algorithms can deal with the the objects is wrong, since in most cases one cluster
problem of crossing targets. They all locate both ob- is associated to both objects by the VBA algorithm at
jects at the same position after the crossing. This the end of the tracking process like in figure 6. Our
behaviour is common to other algorithms for track- new approach is based on these observations. It uses
ing extended targets developed so far by our researchthe results of the VBA and furthermore performs the
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following three distinct steps: high when applied to extended targets, since these ob-

1. At every time step: for every pair of targets it is jects can be the origin of up to ten measurements.
tested, if a crossing has started to take place. This

is supposed to be the case when at least one mea-
surement lies in the validation gates of both ofthe 5 A NEW SWITCHING

two objects. ALGORITHM

2. Once a crossing between two objects has been de-
tected, at each following time step it is examined Since the CSVSPA is able to deal with crossing tar-
wether the crossing has finished, which means thatgets it could, of course, be used for the whole track-
there are two separated clusters. ing process. But since this algorithm is based on the

3. As soon as the end of the crossing has been ob-VBA algorithm it is not as accurate as the KFA as

served the two associated clusters are assigned tdong as no crossing takes place and needs much more
the two corresponding targets. computation time. Therefore, we developed a new

. .__switching or hybrid algorithm (SA), which uses the
The three steps are carried out based on geometncaés\/SPA only when a crossing takes place. For the
gcr)(?iilgt% ri{(')%rf’e atngf %"’(}ﬂabrenix'iﬁwe?_'::iir dtlznsq%%?r'rest of the time it uses the very accurate and fast KFA.

P g ( ’ This choice is also motivated by the fact, that the KFA

tzrggli?n F'rr(‘)i"eﬁsl'flg? égr&t,hfb-\é E{At\haet tgti Sv?t?] tok:cetrr:ﬁn- is faster and more accurate than other algorithms de-
gp | P veloped by our research group for tracking extended

imum length is determined and a Kalman smoother is objects (K&uRling et al., 2005). Thereby, crossings

applied. This improved algorithm is called Cluster 5 -
Sorting Viterbi Shortest Path Algorithm (CSVSPA). 2;%2?3:2?%3;:2&2? tchaesg Xf the CSVSPA. Figure 8

For further details see (lKuiling et al., 2004b). Fig-
ure 7 shows the application of the CSVSPA to the pre-
viously used data.

Step k Step k+1

Estimated Paths

estimated path of the 468
first nbject afler the
sssssss

Step k Step k+1
estimated

yes
path of the KFA

secand object

a0 second
. object | gjgoressn CSVSPA End of crossing?
-1600 no
“T400 1200 -1000 800 600 40 200 CSVSPA
s-conrdinates in crm

Figure 7: Crossing targets, handled by the CSVSPA, real
data.

y-coordinates in cm

Figure 8: Flowchart of the new switching algorithm.

Of course it could be argued that there are already Figure 10 shows that the SA can deal with crossing
well established algorithms for tracking crossing tar- targets as well as the CSVSPA using the data from
gets like the JPDAF (Fortmann et al., 1983) or the the last section. To illustrate the power of the SA fur-
Multiple Hypothesis Filter (Reid, 1979). But these
algorithms have been developed for tracking puncti- w00
form targets in clutter and probably will fail when
tracking extended targets. There might be several
measurements from the same extended target. Thus
two different measurements from the same target can
be associated with the two targets. But the exclusion
of the association of measurements from the same tar- o}
get to both objects is the essential core of these two b"‘
algorithms. Thus they will fail to separate the two tar- oo e o
gets after the crossing in most of the cases, especially
when an additional occlusion takes place. In most of Figure 9: Crossing targets, handled by the new switching
the cases the two tracks will coincide after the cross- algorithm, real data.
ing like for the VBA in figure 6. Moreover the compu-
tational burden for applying these algorithms is very ther experiments with real data have been carried out.

Estimated Paths

first
object

-800r-

1000+

estimated
paths after
the
crossing

-1200 0

y-coordinates in cm
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Thereby two humans were walking around in our lab- problem of two crossing targets has been introduced.
oratory. The measurements were recorded with two It has been shown that both algorithms produce in-
SICK lasers each of them with a 180 degree field of sufficient results under the constraints of crossing tar-
view mounted on a mobile robot. The evaluation of gets. Thus an enhancement of the VBA in form of
the algorithms was performed by means of five sim- the CSVSPA has been proposed, which can deal with
ilar scenarios. In each scenario two persons walked crossing targets. But since the CSVSPA is based on
separately for some time intervil at the beginning  the VBA and thus is imprecise and slow, we finally
of the experiment. Then the persons met each otherdeveloped the SA, which makes use of the CSVSPA
and walked together for some time interval so that only when a crossing has been detected and otherwise
a crossing took place. Finally, the persons split again uses the KFA. The power of the SA has been demon-
and walked alone for the time intervg). Thereby, strated on real data. Thereby, it has been shown,
the time intervat, was arranged to be approximately that the SA can handle crossing targets as well as the
30 seconds for each scenario. Furthermore, the time CSVSPA but needs much less computing time.
intervalst; andt; were of same length for each run In the future we will try to generalise our method
varying from 30 seconds to 150 seconds. Figure 11 for tracking crossing objects from the case of two ob-
shows an example of the results for the estimated jects ton objects (multi target tracking). Furthermore,
paths using the SA. Like in section 4 KFA and VBA the SA should be compared to the well established al-
gorithms like the SJIPDAF (Schulz et al., 2001). Fi-

0 Esfmated ths,recl dta (eenaro 1) nally, the calculation of the Kalman gains should be
estimoted pat o substituted by the calculation of the limit as men-
et s tioned above to make the algorithm useable in real
time applications.

-1000
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of both objects
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= -1200 estimated path of
the second object
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+ 1400
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Figure 10: Crossing targets, real data of scenario 1, handledBar-Shalom, Y. and Fortmann, T. (1988)Tracking and
by the new SA. Data Association Academic Press.
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