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Abstract — In this contribution, a multi sensor fu-
sion system for multi target tracking is proposed which
is independent of the properties of the attached sensor.
This system therefore supports attaching different sen-
sors without the need for any adaption of the system.
A previously published approach for such a sensor in-
dependent fusion system based on probabilistic models
is examined. An extension of the fusion algorithm is
presented, which greatly enhances both the state and ex-
1stence estimation.
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1 Introduction

In many works, sensor data fusion has been addressed
using a large set of different techniques which are opti-
mized for the sensor properties used in the fusion sys-
tem. However, in many areas, a fusion system which
supports different types of sensors, like radar, laser or
image based sensors without adapting the fusion algo-
rithm is desired. Such a reusable fusion system would
lead to a high reduction of costs and time to market. In
[1] and [2], a sensor independent fusion system is pro-
posed allowing an attached sensor to be replaced by a
different sensor without the need for any modification in
the fusion system. This can be achieved by representing
sensor specific properties using probabilistic models. A
common and powerful tracking algorithm based on the
Joint Integrated Data Association (JIPDA) [3] is used
for the processing of the sensor data.

This paper is organized as follows. First, the basics
of the used JIPDA algorithm and modeling of sensor
specific properties are briefly reviewed. Then state and
existence estimation of objects is shortly introduced.
Afterwards, some limitations for the fusion process of
heterogeneous sensor data like range measurements and
image detections are analyzed. Finally, a powerful and
adaptive solution as an extension to the JIPDA algo-
rithm is proposed and examined.
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2 Generalized fusion system

2.1 Overview

In this section, the basics of the sensor independent
fusion framework of [1], [2] are briefly reviewed.
The proposed system has a feature-based central level
fusion architecture. Several independent sensor mod-
ules deliver extracted feature vectors to the fusion sys-
tem, which will be called measurements in the following.
Each sensor has to provide precise timestamps along
with these measurements. The interface of each sensor
to the fusion module consists of measurement vector z,
corresponding spatial measurement uncertainties R and
the sensory existence measurements p° defined below.
All tracks in the system at time step k are represented
by a state estimation AN (z, &, P)jjr modeled as a spatial
Gaussian distribution with mean Z and covariance P.
In addition to this, a probability of existence p(3z)xx
is assigned to each track. The existence of a track is de-
fined as the event that the track corresponds to a real
object which is currently relevant and observable, for
example a vehicle.
The fusion system uses the Joint Integrated Probabilis-
tic Data Association (JIPDA) [3] algorithm which si-
multaneously calculates the track state update and an
estimate of the track existence probability p(3z) over
time. These estimates are based only on the informa-
tion provided by the sensor modules, allowing to inte-
grate any sensory information in a sensor independent
and probabilistic way. Any optimization for the sen-
sor setup can be done in the sensor specific part of the
models and is therefore transparent to the fusion kernel.

2.2 State and existence estimation

JIPDA is basically an algorithm for solving the proba-
bilistic data association (PDA) problem [4]. This prob-
lem can be stated as follows: given a set of tracks
{z;},i=1,..,N and a set of measurements {z;},j =
1,..., M, calculate the probabilities 3;; that measure-
ment z; was caused by track z;. Simultaneously, JIPDA
calculates the probability of track existence p(3z)yx



given all measurements and all tracks in a joint way sim-
ilar to the Joint Probabilistic Data Association (JPDA,
[4]), but it also takes into account the possibility that
a target is caused by a false positive measurement and
that current measurements can be due to clutter.
JIPDA based tracking of multiple targets in automo-
tive scenarios was already published in [5]. The pro-
posed approach was extended for the requirements of
a generic fusion system in [1], [2]. One essential ad-
vantage of these approaches over the original JIPDA
algorithm in [3] is the integration of a sensory individ-
ual existence probability p% p(z;) for each measurement
zj. This probability is obtained by feature-dependent
detector statistics [5], providing the possibility to ac-
count for detectors which are able to assign a posterior
probability p(3z|z) for the detection as a confidence
measurement:

(1)

Additionally, each sensor has to provide its current

probability of detection pp(z;). This probability can

depend on the state of the observed object z;.

2.3 Limitations of the JIPDA existence
estimation approach

prp(z;) = p(3al2).

The JIPDA-based data fusion and existence estima-
tion approach requires that all sensors are able to give
evidence about the following binary frame of hypothe-

ses Q:
Q= {3z, Bz}, (2)

where Jz is defined to be the event that the object is a
real and relevant object, which is observable for the sen-
sor fusion system. Each sensor attached to the fusion
system has to provide the posterior probability p(3x|z)
for this event.

The presented approach works fine fusing sensors which
have similar target detection properties in terms of
the possibility to distinguish between existing and non-
exiting objects. Hence, they make evidence about the
same binary frame of hypotheses.

However, when fusing data of heterogeneous sensors
this does not always apply. For example, let’s assume
a sensor combination consisting of a laser scanner and
a video camera. For an example view of the sensor raw
data and the resulting environmental model, see figure
1. The video camera is using an image classifier for ve-
hicles and the laser scanner module extracts line and
box features out of the scan points.

A good video classifier will assign a high posterior prob-
ability p(3z|z) to an object of the relevant class ”vehi-
cle” and a low value for any other objects.

On the other side, the laser scanner raw data often can-
not provide features which are good enough to reliably
distinguish between vehicles and other rectangular ob-
jects. Thus, a laser scanner classifier will fail in much
more cases than the video classifier, resulting in a low
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Figure 2: Existence fusion of two contradicting sensors
over time. The difference between the probability of
false positive of the second sensor in the top and in the
bottom plot is only 0.04.

posterior probability. Applying the JIPDA based ap-
proach to the sensor data will lead to an apparent con-
tradiction in existence estimation. This contradiction
can even cause a chaotic fusion result as for example in
Figure 2. In such cases, one cannot predict if the oscil-
lating probability of existence will tend towards one or
Zero.

Besides the existence estimation, the state estimate
will also be influenced by this effect as the JIPDA as-
signment weights depend on the posterior probability
of the measurements. Therefore, assignment weights
between laser scanner measurements and tracks are cal-
culated too low and the hypothesis that the object does
not exists will receive a higher value. In the extreme
case, this can lead to the ignorance of all measurements
of the laser scanner sensor due to the low posterior
probabilities.

One possible solution is to use a high posterior proba-



120m
110m
100m

90m

P [d

£Y 4 s
30m ‘
20m J o o
10mp_e @ e
| e e —

40m 30m 20m 10m 0;'1 -10m-20m-30m-40m
Ysc

120m---

Omi= .
20m 10m Om -10m -20m
Yve

Figure 1: Automotive tracking scenario. Top left: video detections (magenta) and projected laser segments (blue,
green, red, yellow). Top right: bird-eye view of laser scanner data. Bottom left: tracking result as 3D boxes
(green) projected onto video image. Bottom right: bird-eye view of the resulting environment model (green) and

FOVs of the sensors (laser: blue, video: red).

bility p3.p(z;) for the laser scanner in order to get high
measurement assignment weights and neglect the exis-
tential evidence in the existence update. Although this
approach shows good performance, it totally neglects
existence measurements of the second sensor. There-
fore, a sophisticated solution for integrating any exis-
tence evidence for all sensors is developed.

The reason for this problem lies in the representation
of the frame of hypotheses 2. From the point of view
of the video sensor, the world consists of two types of
image regions: those which are representing a relevant
object (e.g. a vehicle) and those which don’t. The lat-
ter could be regions of one or many other objects or
simply empty space.

The view of the laser scanner is a different one. One
has two types of point clouds or segments: those which
belong to a relevant object and those which belong to

any other object. But there is hardly any segment in
empty space nor a segment caused by two or more ob-
jects.

Therefore we have the following three different elemen-
tary object hypotheses:

e N: No object exists
e O: Any object, but not relevant
e R: A relevant object (e.g. a vehicle)

We now refer to a set of elementary hypotheses as a
proposition, which means the disjunction of the elemen-
tary hypothesis contained in the proposition.

In this terminology, the video sensor can distinguish be-
tween the proposition {N,0} and {R} but not between
{N} and {O}. Whereas the laser scanner module can
separate {IN} from {O,R} but only very poorly {O}



from {R}.

The proposition which the sensor can classify will be
referred to as the frame of perception F. It is clear
that the frames of perception of both sensors are dif-
ferent but overlapping. In consequence, the fusion of
the existence data of both sensors cannot be done using
the common JIPDA algorithm because JIPDA assumes
that all sensors have the same binary frame of percep-
tion. Furthermore, the case that a sensor is not able
to give any existence measurement cannot be handled
with the current method. The binary existence mod-
eling is not appropriate in these cases and has to be
extended to multiple elementary hypotheses.

In this contribution, a novel JIPDA based data fusion
approach is therefore proposed in order to solve these
problems. One solution of the above problems is a dif-
ferent modeling of the frame of hypotheses which allows
to assign probability mass over sets of hypotheses in-
stead of the elementary hypotheses. The processing of
such kind of evidence can be done using the Dempster
Shafer Theory of Evidence (DST).

3 Dempster Shafer based JIPDA

3.1 Basics of the Dempster Shafer The-
ory of Evidence

In this section the basic elements of the Dempster
Shafer Theory of Evidence (DST) [6] are briefly intro-
duced. More details about DST are given in many pub-
lications, for example [7] and [8].

The Dempster Shafer Theory of Evidence (DST) is a
generalization of the probability theory. All calcula-
tions can be applied to probability functions as well.
The frame of discernment 2 is defined as the set of
elementary hypotheses a;:

Q=A{a;},i=1,..,n. (3)

A basic belief assignment (BBA) m is a mapping from
the power set 29 of the frame of discernment to the
interval [0, 1] with the following properties:

m(@) = 0, (4)
> m(4) = 1 (5)

ACQ

The mass m(A) is therefore the certainty which one can
assign to the proposition A. This allows us to assign
probabilities to propositions which are unions of ele-
mentary hypotheses !.

All subsets A of Q with m(A) > 0 are called focal el-
ements. If all focal elements of a BBA are elemen-
tary events, this BBA will be denoted as a Bayesian
BBA. This Bayesian BBA is a probability function. If
a Bayesian BBA has only two focal elements it will be

L Although it is not essential for the DST that a BBA is based
on probability assignments, probabilities can be used here.
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Figure 3: Visualization of belief, plausibility and un-
certainty interval of an exemplary BBA.

called a binary BBA.
Two BBAs m; and ms can be combined using the
Dempster Rule of combination as follows:

mig2(A) = mi(A) ®ma(A) (6)
0
= Xm;z@ (X)) VA € Q(7)

In the case of binary BBAs one can show that the
above Dempster Rule of combination is equivalent to
the Bayes rule [9] which shows the probability general-
ization nature of the DST.
The degree of belief of a BBA m for a proposition A is
defined as

>

BCA,B#0

Bel,(A) = m(B). 8)

The degree of plausibility is defined as

BNA#0

The following equation holds:

Pl (A) =1 — Bel,, (27\ A). (10)

The plausibility Pl,,(A) is therefore the sum of all prob-
ability mass assigned to propositions which are not con-
tradicting A. The interval U(A) = PI(A) — Bel(A) will
be referred to as uncertainty interval.

Belief, Plausibility and uncertainty interval can be vi-
sualized as shown in Figure 3.

For a binary BBA m with m(A) = p the following holds:

(11)

This is reasonable because the probability theory claims
that there is no uncertainty about probability assign-
ments.

In order to make a decision based on BBAs, the pignis-
tic transformation [8] can be used:

Bel,,(A) = Pl,,(A) =p.

BetP,,(A) = (12)

where |A| and |A N BJ denotes the number of elemen-
tary hypotheses of Q in A and A N B, respectively.



This transformation converts the BBA into a probabil-
ity function, where the mass assigned to a proposition A
will be distributed equally on the elements of A. This is
reasonable because we do not have any additional infor-
mation about the distribution of the probability mass
to the subsets of A. Thereby, the principle of maximal
entropy is used.

In general, BetP,,(A) is bounded by Pl,,(A4) and
Bel,,(A):

Bely(A) < BetPy(A) < Pl (A) (13)

For a binary BBA m with m(A4) = p the pignistic trans-
formation leads to:

BetPy(A) = Bely(A) = Pln(A) =p  (14)

This again shows that the DST is a generalization of
the probability theory.

If we can only assure a certain probability of correct-
ness « of a BBA m we can discount this BBA prior
to combine it with another BBA. The discounted BBA

«

m® is defined as follows:
a4y | am(A), A#£Q
m(A)_{ l—atam(Q), A=Q (15)

This transfers the uncertainty about the correctness to
the whole frame of discernment.

3.2 Modeling of existence probability
with unified frame of perception

In order to be able to model the different frames of
perception of several sensors, an extended frame of dis-
cernment has to be defined, where each sensor can make
a decisions about its own frame of perception F.

This leads to the following set of propositions:

2% = {»,N,0,NO,R,NR,OR,NOR}.  (16)

Each of the propositions of 2 can now be assigned a
probability. In the above two sensor example the video
camera module would assign the following probabilities
to the BBA based on the measurement z:

m(NO) =
m(R) =

(17)
(18)

prp(2)
prp(2)) = Pvehicie(2)
with the frame of perception F¢ = {R}.

The BBA of the laser scanner module will be the fol-
lowing:

m(N) prp(z) (19)
m(OR) = 1—pprp(2) — Pvehicie(2) (20)
= prr(2) — Poehicle(2), (21)

m(R) Puehicle(Z) (22)

and the corresponding frame of perception F; =
{OR}. The belief functions of these BBAs are visu-
alized in Figure 4.
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Figure 4: Example Beliefs of laser scanner (top) and
camera (bottom) sensors.

3.3 Modifications for the JIPDA algo-
rithm

For combining JIPDA with DST, a novel method has
been developed. In this JIPDA-DS approach, the exis-
tence estimation of tracks is now based on BBAs, which
will replace the probability of existence p(3z). During
object tracking, the BBA of a track will therefore be
continuously predicted and innovated .

In the JIPDA-based calculations of data association
weights (;; and p(3z)x, only the frame of perception
F of the current sensor has to be considered. There-
fore, all BBAs can be reduced onto F, which will lead
to a binary probability measurement of F. This can be
done using the pignistic transformation (12).

The existence estimation in the proposed fusion system
is based on two different levels which are often used in
DST: the credal level (lat. credo: i belief) using BBAs
and the pignistic level (lat. pignus: bet) where only
binary probability measurements exist. The transition



into the pignistic level will only be performed if a tem-
porary decision is required, as in the data association
step.

Applying the pignistic transformation corresponds to
reducing the problem on a sub-problem defined by F for
the JIPDA data association step. Because all JIPDA
algorithm formulas are based on probability functions,
the JIPDA algorithm can be applied with the prior
probability of existence of track ¢

p}-(ﬂh)k\k—l = BetP,,,(F), (23)

and the corresponding sensor existence measurement j

p” (3z|z;) = BetPr, , (F). (24)
After the JIPDA processing step, the posterior proba-
bilities of existence have to be transformed back onto
the credal level. This process corresponds to the in-
version of the pignistic transformation which cannot be
solved in a unique way [10]. Therefore, a new method
for existence estimations has been developed in which
a posterior BBA is calculated using the prior BBA and
the sensorial BBAs by redistributing the probability
mass calculated by JIPDA on the elements of F.
All m measurements must be incorporated into the pos-
terior existence estimation in a weighted way. The
JIPDA association probability 8;; denotes the proba-
bility that measurement j was originated by track i.
Therefore, the unified sensor BBA m; g can be calcu-
lated by weighting the sensor BBAs using the associa-
tion weights 3;;. This is done using discounting (15). In
addition to the BBAs of the measurements, each sensor
delivers a BBA m; pn for the case of missed detection
of track ¢ which is discounted using F;q.
The unified sensorial BBA m; g is therefore calculated
using;:

mis =miRy EmE & emir  (25)
Then the prior BBA mj y,—1 is combined with m; s
using the Dempster rule of combination (7) yielding
the fused posterior BBA:

My k| = M k|k—1 D M5 (26)

This incorporates the sensorial knowledge about the
distribution of the probability mass over the elemen-
tary hypotheses N, O and R.. The posterior probability
of existence p” (3x;)y, calculated by JIPDA must be
equal to the bet probability BetPy, , , (F) of the pos-
terior BBA. Therefore, the probability mass calculated
by (26) has to be redistributed.
In the following, the set of all elementary hypotheses
which support a certain hypothesis H will be referred
to as Supy, the remaining symbols 29\ Supy will be
named as Cong. For B € Suppy the following holds:
BN H # ©, for Be€ Cong analogous: BN H = ©.

We now define a belief transfer function T, (H, m):

ym(X) X € Supy
T,(H,m) = mX)+ 3 % , otherwise.
YeSupy "
(27)

T,(H,m) therefore transfers part of the probability
mass of an elementary hypothesis A € Cong to Supy
(or in the opposite direction) according to .

In the following, we will abbreviate p;(F) =
BetPy, . (F). When applying T, (F,m) on the fused
posterior BBA 7, |1, (26), we gain the fused posterior
track BBA mgklk =T, (Cong,m; ki)

Two possible cases have to be separated:

1. pf(ﬂmi)Mk > pi(F):
Probability mass has to be transferred from all el-
ementary hypothesis of Conzx to Supr.

1 —p7 (3,
_ p” (F )k\k. (28)
1 —pi(F)
2. pF (3zi) ke < pi(F):
Probability mass has to be transferred from all el-
ementary hypothesis of Supr to Cong.

F (3
- >

This leads to a new BBA miTk‘k with Beth_Tk‘k(}') =

p” (3z;) k- This BBA is used as the posterior existence
BBA of the track ¢ in the next iteration.

If all BBAs are binary ones, the resulting posterior exis-
tence probabilities using this new method are identical
with those achieved when using the approach in [2] be-
cause of (14). Therefore, the presented novel approach
is a real generalization of JIPDA-based existence esti-
mation. This allows us to use any already presented ex-
tension to JIPDA with this new Dempster Shafer based
approach.

4 Results with real-world data

The proposed fusion system has been tested on sen-
sor data from a research vehicle using a video camera
and a laser scanner in urban scenarios. The JIPDA-
DS fusion approach performs very good on real-world
data. The system is able to track multiple objects in
real-time and can separate very well between relevant
objects R and any other type of object O if the nec-
essary evidence is provided by the sensors. Examples
for the BBAs of one real and one false track over time
are shown in Figure 5. Both cases show that the un-
certainty interval U given by Plausibility and Belief is
decreasing over time. In Figure 6 we can see other situ-
ations. The upper plot shows a track which first is only
detected by the laser scanner. It is outside the field of
view of the camera. The uncertainty interval is nearly
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Figure 5: Plausibility (green), belief (red) and BetP
(blue) for R of true track (top) and false track (bottom)
over time

one which denotes the completely missing knowledge
whether the track is a relevant object or not. After
approximately 50 iterations, the target is in the field
of view of the video camera and therefore the necessary
additional existence information to distinguish between
O and R is provided.

The lower plot shows a track which can only be detected
by the laser scanner. Therefore, the probability of ex-
istence BetP(R) won'’t exceed 0.5. Between time steps
35 and 50, the target was missed by the laser scanner
a few times and therefore the probability of existence
decreases in this time period and increases again after-
wards.

The novel JIPDA-DS allows us to make use of what is
often called negative evidence. This can be exploited if
one sensor opposes a part A of a hypothesis H = {AB}.
The allocated mass is therefore transferred to its sub-
hypotheses B due to the lack of positive evidence for A.
For example, prior mass is allocated to the hypothesis
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Figure 6: Plausibility (green), belief (red) and BetP
(blue) for R of two tracks over time for two special
situations

OR. A sensor claims that the object cannot be of type
R maybe due to the lack of any detection at a high
probability of detection pp. The fusion process there-
fore leads to a transfer of probability mass from OR . to

O.

5 Conclusion and Further Works

The presented approach of combining JIPDA for exis-
tence estimation with the DST has several novel and
significant advantages over state of the art fusion sys-
tems. First of all, any kind of sensor can be incor-
porated in the fusion system regardless of what kind
of object it can observe or classify. Using the pre-
sented JIPDA-DS algorithm, we can incorporate exis-
tence measurements of sensors which cannot give evi-
dence about the same frame of perception.

Furthermore, even sensor measurements without any
information about existence can be fused by using an
uncertainty interval of one. In addition to this, JIPDA-



DS provides an environment model which incorporates
knowledge about several different kind of objects at the
same time and can therefore solve a multi class tracking
problem.

Classification, existence estimation, data association
and tracking is coupled via the JIPDA algorithm and
can be implemented in a generic and sensor indepen-
dent way. This leads us to a fusion system which can be
modified by simply attaching a different sensor setup to
the system according to the application requirements.
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