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Abstract—In random finite set based tracking algorithms,
new-born targets are modeled using birth distributions. In general, these birth distributions have to cover the complete state
space. In Sequential Monte Carlo (SMC) implementations, a high
number of particles is required for an adequate representation
of the birth model. In this contribution, a measurement driven
adaptive birth distribution is proposed for the SMC and Gaussian
mixture (GM) versions of the cardinality balanced multi-target
multi-Bernoulli (CB-MB) filter. It is shown that a filter with
adaptive birth distribution nearly achieves the performance of
a filter with known birth locations. Additionally, an application
of the filter to vehicle tracking using real-world sensor data is
presented.

I.

I NTRODUCTION

The multi-target Bayes filter [1] based on the random finite
sets (RFS) is a rigorous framework for multi-target tracking.
Due to its computational complexity, the full multi-target
Bayes filter is only applicable to scenarios with a small number
of targets [1]–[3]. Recently, a closed form solution of the multitarget Bayes filter based on labeled RFS as conjugate prior has
been proposed in [4], [5]. In order to reduce the computational
complexity of the multi-target Bayes filter, approximations like
the Probability Hypothesis Density (PHD) filter [6] and the
Cardinalized Probability Hypothesis Density (CPHD) filter [7]
are used. These filters approximate the multi-target posterior
density by its first moment. The first moment of an RFS
is the intensity function or probability hypothesis density.
Implementation of the PHD and the CPHD filter is possible
using Sequential Monte Carlo (SMC) methods [2] or Gaussian
Mixtures (GM) [8], [9]. The cardinality balanced multi-target
multi-Bernoulli (CB-MB) filter [10] uses the assumption, that
the multi-target posterior density can be approximated by a
multi-Bernoulli RFS. Thus, only the parameters of the multiBernoulli RFS have to be propagated in time.
The main advantage of the multi-Bernoulli representation is that a Bernoulli distribution represents exactly one
track and its corresponding existence probability. In the GM
implementations of the PHD or CPHD filter, one Gaussian
component might represent more than one track while a SMC
implementation of PHD and CPHD filter requires an additional
clustering algorithm to extract the states of the targets. Despite
these advantages, the CB-MB filter can be problematic in case
of low signal to noise ratio. In [11]–[13], the CB-MB filter
has been applied to multi-target tracking in sensor networks.
An application to image data is introduced in [14]–[16]. In
the area of intelligent transportation systems, future driver

assistance systems require high confidences of the tracking
result in order to perform interventions like e.g. emergency
breaking. Similar to the approach in [17] using the Joint
Integrated Probabilistic Data Association (JIPDA) filter [18],
the associated existence probability in the CB-MB filter is
an indicator for the confidence of the tracker about target
existence.
Conventional multi-target tracking algorithms like the
Probabilistic Data Association (PDA) [19] usually initialize
tracks based on the received measurements. Unassociated
measurements initialize new tentative tracks, which need to
be confirmed by further measurements. In contrast, RFS-based
multi-object tracking algorithms use distributions or intensities
to model new-born objects. If targets are allowed to appear
everywhere on the state space, a huge amount of particles is
necessary in SMC implementations of the algorithms. In [20]–
[22], an adaptive birth intensity for PHD and CPHD filters is
introduced. The approach is based on the idea to distinguish
between new-born and persisting targets in order to avoid a
bias in the cardinality estimate of the filters. In [23] it is shown,
that the performance of Gaussian Mixture implementations of
the PHD and the CPHD filter increases with the number of
Gaussian distributions used to model a uniform birth intensity.
Thus, using an adaptive birth model which includes only
the relevant distributions of the mixture should improve the
performance compared to a birth distribution with a high
spatial variance.
In this contribution, adaptive birth distributions for the
GM-CB-MB and the SMC-CB-MB filter are proposed. The
performance of the filters with adaptive birth distribution is
evaluated using simulated data. Additionally, the GM-CB-MB
filter with adaptive birth distribution is applied to vehicle
tracking using real-world sensor data.
The contribution is organized as follows: first, Random
Finite Sets (RFS) and the multi-target Bayes filter are introduced. Afterwards, the cardinality balanced multi-target multiBernoulli (CB-MB) filter is outlined and the integration of an
adaptive birth distribution is proposed in Section IV. Finally,
the CB-MB filter using adaptive birth distributions is evaluated
in Section V.
II.

R ANDOM F INITE S ETS AND M ULTI -TARGET BAYES
F ILTER

A Random Finite Set (RFS) consists of a random number
of unordered random vectors. Thus, an RFS is a finite-set-

valued random variable. An important RFS distribution is
the Bernoulli RFS X, which has a probability of 1 − r of
being empty, and contains exactly one element, whose spatial
distribution follows a probability density p, with probability r.
The probability density of a Bernoulli RFS X is given by (
[1, pp. 368])

1−r
X = ∅,
π(X) =
(1)
r · p(x) X = {x}.

If the posterior multi-target density at time k −1 is a multiBernoulli distribution of the form
(i)

M

(i)

k−1
πk−1 = {(rk−1 , pk−1 )}i=1
,

the predicted multi-target density is given by the union of a
multi-Bernoulli distribution representing the surviving targets
and a multi-Bernoulli distribution representing new-born targets:
(i)

M

(i)

(i)

(i)

M

Γ,k
k−1
πk|k−1 = {(rP,k|k−1, pP,k|k−1 )}i=1
∪ {(rΓ,k , pΓ,k )}i=1
, (7)

Thus, a Bernoulli RFS is only able to represent the state
of an object and the uncertainty about the existence of the
object. A multi-Bernoulli RFS X represents a fixed number
of M objects by the union of M independent Bernoulli RFSs
X (i) :
M
[
X=
X (i) .
(2)
i=1

Thus, the set {(r(i) , p(i) )}M
i=1 describes a multi-Bernoulli RFS,
where r(i) is the existence probability and p(i) is the spatial
distribution of the ith Bernoulli distribution. The probability
density π of a multi-Bernoulli RFS given by [1, pp. 368]:
π(∅) =

M
Y



1 − r(j)



(3)

j=1

π({x1 , ..., xn }) = π(∅)

n
Y
r(ij ) p(ij ) (xj )
,
1 − r(ij )
1≤i1 6=···6=in ≤M j=1
(4)

(i)

A. Multi-Target Bayes Filter
The multi-target Bayes filter propagates a multi object
probability distribution πk (·|Z1:k ) over time according to [1]:
Z
πk|k−1(Xk |Z1:k−1) = fk|k−1(Xk |X)πk−1(X|Z1:k−1 )δX, (5)
gk (Zk |Xk )πk|k−1 (Xk |Z1:k−1 )
πk (Xk |Z1:k ) = R
. (6)
gk (Zk |X)πk|k−1 (X|Z1:k−1 )δX
Here, all integrals are set integrals (see [1]). The multi-target
Markov density fk|k−1 models the motion of the targets as well
as target birth and death. The multi-target likelihood function
gk models the target detection process and the false alarm
model. Further details about the multi-target Bayes filter can
be found in [1].
C ARDINALITY BALANCED M ULTI -TARGET
M ULTI -B ERNOULLI F ILTER

In this section we only present the propagation equations of
the cardinality balanced multi-target multi-Bernoulli (CB-MB)
filter. For details, please refer to [10].
The PHD [6] and CPHD [7] filters approximate the multitarget density by its first moment which corresponds to the
intensity function. In contrast, the CB-MB filter is based on the
assumption, that the multi-target density can be approximated
using a multi-Bernoulli distribution.

(i)

(i)

rP,k|k−1 = rk−1 hpk−1 , pS,k i,
(i)

pP,k|k−1 (x) =

(8)

(i)
hfk|k−1 (x|·), pk−1 pS,k i
,
(i)
hpk−1 , pS,k i

(9)

where fk|k−1 (·|ζ) is the single target transition density at time
k using the previous state ζ of an object. Additionally, pS,k (ζ)
is the state dependent survival probability of a target and
(i)

M

(i)

Γ,k
{(rΓ,k , pΓ,k )}i=1

is the multi-Bernoulli distribution of target births at time
k. Due to the birth process, the total number of predicted
Bernoulli distributions is given by Mk|k−1 = Mk−1 + MΓ,k .
Thus, the predicted multi-target density at time k is again a
multi-Bernoulli distribution of the form

X

and is abbreviated by π = {(r(i) , p(i) )}M
i=1 in the following.

III.

with

(i)

M

(i)

k|k−1
πk|k−1 = {(rk|k−1 , pk|k−1 )}i=1
.

The posterior multi-target density is approximated by
(i)

M

(i)

k|k−1
πk ≈ {(rL,k , pL,k )}i=1
∪{(rU,k (z), pU,k (·; z))}z∈Zk . (10)

The multi-Bernoulli distribution with the subscript L corresponds to the legacy tracks which represent the possibility of
a missed detection. The measurement updated multi-Bernoulli
distributions are marked using a subscript U and each measurement z results in one measurement updated Bernoulli
distribution.
The existence probability and the spatial distribution of the
legacy tracks is given by
(i)

(i)

1 − hpk|k−1 , pD,k i

(i)

rL,k = rk|k−1
(i)

(i)

(i)

1 − rk|k−1 hpk|k−1 , pD,k i
1 − pD,k (x)

(i)

pL,k (x) = pk|k−1 (x)

(i)

1 − hpk|k−1 , pD,k i

,

(11)

,

(12)

where pD,k (x) is the state dependent detection probability
at time k. For the measurement updated tracks, existence
probability and spatial distribution are given by
Mk|k−1

P
i=1

rU,k (z) =

(i)

P

(i)

(i)

P

rk|k−1 hpk|k−1 ,ψk,z i

i=1

1−rk|k−1 hpk|k−1 ,pD,k i

(i)

(i)
Mk|k−1 rk|k−1
(i)
i=1
1−rk|k−1

PMk|k−1
i=1

(i)

(i)
(i)
(1−rk|k−1 hpk|k−1 ,pD,k i)2

Mk|k−1

κk (z) +

pU,k (x; z) =

(i)

rk|k−1 (1−rk|k−1 )hpk|k−1 ,ψk,z i

(13)

,

(14)

(i)

(i)

pk|k−1 (x)ψk,z (x)

(i)

rk|k−1
(i)

,

1−rk|k−1

(i)
hpk|k−1 , ψk,z i

(i)

with
ψk,z (x) = gk (z|x)pD,k (x),
where Zk is the measurement set at time k, gk (·|x) is the
single target measurement likelihood function for a given state
x, and κk (·) is the intensity of the Poisson distributed clutter
at time k.
In case of state independent detection and survival probabilities as well as linear motion and measurement models, the
CB-MB filter can be implemented using Gaussian Mixtures,
where each distribution is given by a mixture of Gaussians:
(i)

(i)
pk (x)

=

Jk
X

(i,j)

wk



(i,j)
(i,j)
N x; mk , Pk
.

j=1

The Gaussian mixture implementation may also be used in case
of only slightly non-linear motion or measurement models by
using the Extended or the Unscented Kalman filter.
In case of highly non-linear systems, a Sequential Monte
Carlo implementation is used, where each distribution is approximated by a set of weighted particles:
(i)

(i)

pk (x) =

Lk
X
j=1

IV.

(i,j)

wk

δx(i,j) (x).
k

A DAPTIVE B IRTH D ISTRIBUTION
MΓ,k
(i)
(i)
{(rΓ,k , pΓ,k )}i=1

The multi-Bernoulli birth distribution
applied in (7) is assumed to be independent of the measurements. Especially in particle implementations of the CB-MB
filter, a huge amount of particles is necessary to cover the
complete state space.
The proposed adaptive birth distribution is closely related
to the adaptive birth intensity for the SMC implementations
of the PHD and the CPHD filter [20], [21], where % new-born
particles are drawn using each measurement z ∈ Zk before
the application of the update step. Thus, a measurement z is
considered to be a random sample of gk (z|x)Γk (x), where
Γk (x) is the spatial birth intensity. Afterwards, the particles of
the persisting objects and the new-born particles are updated
independently. In the update step of the new-born particles,
the weight of a particle is decreased if the corresponding measurement additionally has high weights for persisting particles.
Consequently, the new-born particles concentrate around the
measurements which are far apart of existing tracks. After
resampling new-born and persisting particles independent of
each other, the new-born particles become persisting particles
during the next prediction step.
For the CB-MB filter, the adaptive birth distribution has
to follow a multi-Bernoulli distribution and is not a straight
forward adaptation of the adaptive birth intensity method
proposed in [20], [21]. As in [20], [21], a measurement should
be more likely to create a birth component if it is well separated
from the current tracks. The multi-Bernoulli birth distribution
πΓ,k+1 at the next time step k + 1 depends on the set of
measurements Zk of the current time step and is given by
n
o|Zk |
(i)
(i)
πΓ,k+1 = rΓ,k (z), pΓ,k (x|z)
.
(15)
i=1

The spatial distribution pΓ,k (x|z) has to incorporate the initial
uncertainty about a target state. The existence probability of
each Bernoulli birth distribution is given by




1 − rU,k (z)
rΓ,k (z) = min 
· λΓ,k+1|k 
rΓ,max , X
,
1 − rU,k (ξ)
ξ∈Zk

(16)
where λΓ,k+1|k is the expected number of target birth at time
k + 1 and rΓ,max is the maximum existence probability of
a birth track. Using rΓ,max ∈ [0, 1] in combination with the
minimum function ensures valid existence probabilities in case
of λΓ,k+1|k > 1. The information about the contribution of
a measurement to the current multi-Bernoulli distribution πk
is given by the measurement updated existence probability
rU,k (z) in (13). If the spatial likelihood gk (·|x) for a measurement z is small, the updated existence probability for the
measurement is very low, too. Thus, a comparatively high
existence probability rΓ,k (z) is assigned to the corresponding
Bernoulli birth RFS. Otherwise, for a high spatial likelihood
and a large predicted existence probability a low existence
probability rΓ,k (z) is obtained for the corresponding birth
RFS. Since the mean cardinality of a multi-Bernoulli RFS
is given by the sum of the existence probabilities, the mean
cardinality of new born targets is
X
rΓ,k (ξ) ≤ λΓ,k+1|k ,
ξ∈Zk

where equality holds if rΓ,max is used for none of the
measurements.
Since the adaptive birth distribution πΓ,k+1 at time k + 1
only depends on the set of measurements Zk at time k, it is
statistically independent of the set of measurements Zk+1 . A
delay of one time step is expected during target birth, since
the adaptive birth distribution requires a measurement at the
previous time step to initialize a new target.
V.

R ESULTS

The performance of the proposed adaptive birth distributions is evaluated using the Optimal Sub-Pattern Assignment
(OSPA) metric [24], which involves the cardinality error as
well as the distance of individual elements of two finite sets.
The OSPA distance of two finite sets X = {x1 , . . . , xm } and
Y = {y1 , . . . , yn } with m ≤ n is given by
!!p1
m
X
1
(c)
(c)
p
p
¯
dp (X, Y ) :=
min
d (xi , yπ(i)) + c (n − m)
n π∈Πn i=1
(17)
where Πk is the set of permutations on {1, 2, . . . , k}, k > 0,
and the distance d(c) (x, y) := min (c, kx − yk). The parameter
p ≥ 1 is the order of the distance and c is the cut-off parameter.
If m > n, the OSPA distance is calculated by swapping the
(c)
(c)
two sets X and Y : d¯p (X, Y ) := d¯p (Y, X).
A. SMC Implementation
In the simulations of the SMC-CB-MB filter, a non-linear
constant turn model is used and the non-linear measurement
model delivers range and bearing measurements on a half

x̃k = F (ωk−1 )x̃k−1 + Gwk−1
ωk = ωk−1 + ∆uk−1
using

1 sinωω∆
0 cos ω∆
F (ω) =  1−cos ω∆
0
ω
0 sin ω∆

 2
ω∆ 
∆
0 − 1−cos
ω
 T2
0 − sin ω∆ 
, G = 
sin ω∆
0
1
ω
0 cos ω∆
0


0
0
,
∆2 
2
∆

and ∆ = 1 s. The process noise for the position is a twodimensional zero mean Gaussian distribution with a standard
deviation of σw = 15 m/s2 . For the turn rate, the standard
deviation of the zero mean Gaussian distribution is σu =
π/180 rad/s. The measurement noise for the bearing and range
measurements is a zero mean Gaussian distribution with covariance matrix Rk = diag([ σθ2 , σr2 ]T ).The standard deviation
of the bearing is σθ = (π/180) rad and the standard deviation
for the range is σr = 5 m. The survival probability is assumed
to be state independent and is given by pS,k (x) = 0.99. The
detection probability depends on the range and is

pD,k (x) = 0.98 exp [px,k , py,k ]T Σ−1
D [px,k , py,k ]
with ΣD = 60002 I2 , where I2 is the two dimensional
identity matrix. Clutter follows a Poisson distribution with a
mean number of 10 measurements per scan and is uniformly
distributed over the observed state space.
The proposed adaptive birth distribution is compared to a
fixed birth distribution following a multi Bernoulli RFS with
(i) (i)
the density πΓ = {(rΓ , pΓ )}4i=1 . The properties of the four
Bernoulli distributions are given by
=
=

(2)
rΓ
(4)
rΓ

10
8
6
4
ground truth
fixed birth
adaptive birth

2
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Fig. 1. Cardinality estimate of the SMC implementation for fixed and adaptive
birth (1000 MC runs).

measurement in case of fixed birth locations is already used to
update the birth component. Additionally, the increase of the
cardinality estimate after object birth is steeper if fixed birth
locations are used. This is due to the fact that expected number
of object birth λΓ,k+1|k is distributed over more Bernoulli
components in case of adaptive birth. Consequently, the initial
existence probability of the birth components is lower and
results in a slower increase of the estimated cardinality.
Figure 2 compares the optimal subpattern assignment
(OSPA) distance [24] of the SMC-CB-MB filter with adaptive
birth to the one with fixed birth locations. As expected from
300
fixed birth
adaptive birth

= 0.02,
= 0.03,

= N (x; m(i)
γ , Pγ ),
= [ − 1500, 0, 250, 0, 0 ]T ,
= [ − 250, 0, 1000, 0, 0 ]T ,
= [ 250, 0, 750, 0, 0 ]T ,

OSPA distance

(1)
rΓ
(3)
rΓ
(i)
pΓ (x)
m(1)
γ
m(2)
γ
m(3)
γ
m(4)
γ

12
Estimated Number of Targets

disc with a radius of 2000 meters. The state vector of each
target is xk = [ px,k , ṗx,k , py,k , ṗy,k , ωk ]T , where the first
four components are the positions and velocities in x and y
direction and ωk is the turn rate. The non-linear state model
is given by

200

100

T

= [ 1000, 0, 1500, 0, 0 ] ,

Pγ = diag([ 50, 50, 50, 50, 6(π/180) ]T )2 .
The adaptive birth model also draws its samples from Pγ , but
the means correspond the positions of the measurements. In
total, 10 targets are born during the 100 time steps and several
target crossings occur (see [10]).
Figures 1 shows the estimated number of targets for fixed
and adaptive birth averaged over 1000 Monte Carlo (MC) runs.
The spatial distribution of each Bernoulli is represented using
1000 particles. The cardinality estimate for fixed and adaptive
birth is equivalent except for a few time steps after new objects
are born. Using an adaptive birth distribution, the cardinality
starts to increase one time step later since the first measurement
of a track is used to create a new-born object, while the first

0
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80

100

Time k
Fig. 2. OSPA distance (c = 300, p = 1) of the SMC implementation for
fixed and adaptive birth (1000 MC runs).

the discussion of the cardinality estimates, the OSPA distance
is larger during object birth if adaptive birth distributions are
used. Apart from time steps around object birth, the OSPA
distance is nearly equivalent. In contrast to the slightly different
performance during target birth, both filters show equivalent

rΓ
(i)
pΓ (x)
(1)
mΓ
(2)
mΓ
(3)
mΓ
(4)
mΓ

results during target death at k = 67 and k = 80 for the
cardinality estimate and the OSPA distance.
Finally, the SMC implementations are compared in a scenario with a high clutter rate with an expected value of 50 false
alarms per scan. The OSPA distance for fixed and adaptive
birth are shown in Figure 3. The OSPA distance of the fixed
birth is considerably larger than in Figure 2 due to cardinality
errors. As illustrated in [10], this is an expected behavior
since the CB-MB filter is derived under the assumption of
a reasonably low clutter rate. Although the high clutter rate
leads to a huge number of birth candidates in case of an
adaptive birth distribution, the OSPA distance is equivalent
except for the time steps shortly after target birth. Compared
to the scenario with low clutter rate, the filter using adaptive
birth distributions needs longer to ’confirm’ a new-born target,
since the existence probability of the Bernoulli components in
the birth model is considerably lower.
300

(i)

= N (x; mΓ , PΓ ),
= [ 0, 0, 0, 0 ]T ,
= [ 400, −600, 0, 0 ]T ,
= [ − 800, −200, 0, 0 ]T ,

= [ − 200, 800, 0, 0 ]T ,
PΓ = diag([ 10, 10, 10, 10 ]T )2 .

As in the SMC implementation, the adaptive birth distribution
uses the same covariance matrix PΓ but the means are located
at the positions of the measurements.
The sensor measures only the x and y positions of the
targets with a standard deviation of σx = σy = 10 m.
Analog to the SMC simulation, an average number of 10 clutter
measurements is assumed which is distributed uniformly over
the observed area and follows a Poisson distribution.
Figure 4 shows the estimated number of targets of the
proposed approach with adaptive birth distribution compared
to the results with fixed birth distribution. The differences
are similar to the ones observed in the SMC implementation
(see Fig. 1). The OSPA distance of the GM implementations

200

12
100

0

0

20

40

60

80

100

Time k
Fig. 3. OSPA distance (c = 300, p = 1) of the SMC implementation for
fixed and adaptive birth (1000 MC runs) in a scenario with high clutter rate.

Estimated Number of Targets

OSPA distance

fixed birth
adaptive birth

= 0.03,

10
8
6
4
ground truth
fixed birth
adaptive birth

2

B. Gaussian Mixture Implementation
For the evaluation of the GM-CB-MB filter, a scenario
with at most 10 targets at each time step on the area
[−1000, 1000] m × [−1000, 1000] m is investigated. Further,
the scenario includes target births and deaths. The targets
follow a constant velocity motion model and their state vector
is given by the positions and velocities in x and y direction:
xk = [ px,k , py,k , ṗx,k , ṗy,k ]T . Consequently, the motion
model is given by
" 4
#


3
∆
I2 ∆2 I2
I2 ∆I2
2
4
,
Fk =
,
Qk = σν ∆3
02 I2
∆2 I2
2 I2
where In denotes identity matrix of size n and 0n denotes
a zero matrix of size n. As in the SMC simulation, the
sampling period is chosen to ∆ = 1 s. In contrast to the SMC
implementation, a lower standard deviation of the process
noise of σν = 5 m/s2 is used here. The detection and survival
probability are state independent and are given by pD,k = 0.98
and pS,k = 0.99, respectively. The fixed birth distribution is
again a multi-Bernoulli with four distributions:
(i)

πΓ = {(rΓ , pΓ )}4i=1 ,
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Fig. 4. Cardinality estimate of the GM implementation for fixed and adaptive
birth (1000 MC runs).

is shown in Figure 5. Again, the main difference is during
object-birth, where the OSPA distance of the adaptive birth
implementation is higher.
In [23], it is shown that the OSPA distance for PHD and
CPHD filters decreases, if the birth intensity is modeled by
a higher number of Gaussian mixtures. Consequently, it is
expected that an adaptive birth intensity outperforms a birth
distribution which uses only a small number of Bernoulli
distributions with a high spatial uncertainty. Thus, the following multi-Bernoulli with four distributions (GM4) is used for
comparison:
(i)

πΓ,GM 4 = {(rΓ,GM 4 , pΓ,GM 4 )}4i=1 ,
rΓ,GM 4 = 0.03,

300
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0

fixed birth
GM4
adaptive birth
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Fig. 5. OSPA distance (c = 300, p = 1) of the GM implementation for
fixed and adaptive birth (1000 MC runs).

(i)
pΓ,GM 4 (x)
(1)
mΓ,GM 4
(2)
mΓ,GM 4
(3)
mΓ,GM 4
(4)
mΓ,GM 4

=

(i)
N (x; mΓ,GM 4 , PΓ,GM 4 ),
T
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Fig. 6. OSPA distance (c = 300, p = 1) of the GM implementation for
fixed birth, adaptive birth, and GM4 birth (1000 MC runs).

= [ 500, 500, 0, 0 ] ,

= [ 500, −500, 0, 0 ]T ,
= [ − 500, −500, 0, 0 ]T ,
= [ − 500, 500, 0, 0 ]T ,

PΓ,GM 4 = diag([ 300, 10, 300, 10 ]T )2 .
Figure 6 shows a cutout of the OSPA distance plot for the
fixed, adaptive, and GM4 birth distribution. Obviously, the
best performance is achieved using the fixed birth locations,
but the adaptive birth leads to approximately the same results
(especially for k > 85). The main reason for the slightly higher
OSPA distance of the adaptive birth is the fact that new-born
objects can appear everywhere, which may lead to a cardinality
error due to a false track in some of the MC runs. Based on
the results in [23], the GM4 birth distribution is expected to
perform worse than the adaptive birth model. The reason for
this is that the adaptive birth model can be interpreted as a
sample of a birth distribution with a high number of Bernoulli
distributions, where only the relevant distributions are chosen.
C. Application to Real-World Sensor Data
For vehicle tracking, a real-time capable multi-sensor UKFGM-CB-MB filter is used. An Unscented Kalman filter (UKF)
[25] implementation of the CB-MB filter is used to handle the
non-linear measurement models as well as the constant turn
model. The update of the CB-MB filter with measurements of
several sensors is performed iteratively. As in the multi-sensor
PHD filter [6], an iterative update is only an approximation
of the exact multi-sensor update, since the results may differ
if the order of the updates is changed. Additionally, a label is
attached to each Bernoulli distribution for track continuity as
proposed is [10]. During prediction, the label of a predicted
track is kept, while new labels are assigned to the new-born
tracks. In the update step, legacy tracks also keep their label

while the label of the track with the highest contribution is
assigned to measurement updated tracks.
Two laser range finders are integrated in the front bumper
of our demonstration vehicle and a video camera is mounted
next to the rear-mirror. The raw data of the laser range finders
are clustered and a rotated box is fitted into each of the clusters
[26]. The detections in the video images are obtained using a
cascade-classifier [27], which is trained to detect rear and front
views of cars.
Figure 7 shows the results of the UKF-GM-CB-MB filter
with adaptive birth for an urban scenario. On the left side, the
video image with overlayed raw measurements of the laser
range finders (small dots) and green boxes for the estimated
vehicles is shown. On the right side, the raw data of the laser
range finders (small dots) as well as the extracted boxes (dark
grey) are shown on top of a checker board with a side length
of 5 meters. The red covariance ellipses illustrate the 3-σ
bound of the state uncertainty of the cars. Starting from the
covariance ellipses, the trajectories of the cars are shown by a
solid line which is color-coded using the label of the track. In
the depicted scenario, the UKF-GM-CB-MB filter tracks the
three objects in the scene with very smooth trajectories and
consistent labels. By applying an existence threshold of 0.2,
all false alarms are eliminated in the current scene.
VI.

C ONCLUSION

In this contribution, an approach to use adaptive birth
distributions within SMC-CB-MB and GM-CB-MB filters has
been proposed. Similar to the adaptive birth intensities for the
PHD and CPHD filters, the adaptive birth distributions depend
on the previous measurements and birth locations far apart
of existing tracks are more likely than birth locations close
to existing tracks. The simulations show, that the proposed
approach achieves nearly the same performance as a filter

Fig. 7. Application of the UKF-GM-CB-MB filter with adaptive birth distributions to vehicle tracking. Tracking results are illustrated using overlaid green
boxes in the video image and red 3-σ covariance ellipses in the Cartesian grid on the right. Additionally, the raw data of the laser range finders is shown.

with known birth locations, even though targets may appear
everywhere on the state space in case of an adaptive birth
distribution. Only during target birth, the track initialization
is delayed by one time step, since the first measurement
of a target is used to obtain a birth component. Further, it
is shown for the GM implementation that an adaptive birth
distribution outperforms a birth distribution which represents
new-born objects using Gaussian distributions with high spatial
uncertainties. The strength of the proposed approach is its
applicability to real world problems where the birth model
is not known exactly. Application to real-time vehicle tracking
demonstrates the usefulness of the proposed approach.
In future, a more detailed evaluation of the scenario with
real world data is planned. Further, the performance of the
CB-MB filter will be compared to other algorithms like e.g.
JIPDA and PHD filters using real world sensor data.
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