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Abstract - The primary contribution of this paper is

the de�nition of a marginal bearing density function

for the measurements produced by a certain track

which forms the theoretical foundation for the dif-

ferent proposed promising improvements. Stepwise

implementation of the di�erent measures can pro-

vide MHT applications with the means to use the

available computer storage and computation time re-

sources as eÆcient as possible. Furthermore, delay-

times that can occur before processing/pruning are

minimized.

Keywords: Multiple target tracking, data-association,

MHT, estimation , resource allocation.

1 Introduction

The objective of multitarget tracking is to partition
the sensor data into sets of observations, or tracks,
produced by the same source [2]. One of the major
diÆculties in the application of multitarget tracking
involves the problem of associating measurements with
the appropriate tracks, especially when there are miss-
ing reports, unknown targets and false reports (clut-
ter). In [8] a method has been proposed for calculating
the probabilities of various data-association hypothe-
ses which has become known as Multiple Hypothesis
Tracking (MHT). In this method clustering is used to
divide the entire set of global hypotheses in sets of lo-
cal hypotheses (clusters) that do not interact with each
other. Instead of one large tracking problem, a number
of smaller tracking problems is solved independently
which reduces the necessary amount of computer stor-
age and computation time signi�cantly. The main rea-
son is that the association problem to be solved for
each independent problem is (much) smaller.

MHT is employed in a number of Signaal surveil-
lance systems and has an excellent performance in mul-
titarget environments with modest false alarm rates.
For real-time applications based on [8], the expectation
is that in environments with high false alarm rates and
against complex scenarios containing tight formations
improvements concerning the use of computer storage
and computation time are possibly necessary.

Assume that the estimates for the target state vec-
tor ŝ(tk) and the corresponding residual error covari-
ance matrix P̂ (tk) are available for each tracked target.
Here no assumption concerning the kind of tracking

method is made. The measurement probability den-
sity function is de�ned by

fkm =
1p

(2�)n j B je
�

1
2 [~zk�h(s(tk))]

TB�1[~zk�h(s(tk))]

(1)
where ~zk is the measurement produced at time tk by
the speci�c target, h(�) is the transformation from
cartesian to polar coordinates, n is the dimension of
the measurement vector and B is the covariance ma-
trix B = Hk

�Pk(Hk)
T + Rk. Rk is the measurement

noise covariance matrix and Hk is the Jacobian of
h(�) taken at the predicted state vector s(tk). The
random variable ~zk is considered to be normally dis-
tributed. Formally seen, fkm in (1) is not a measure-
ment density function but the conditional density func-
tion fm(~zk j ~z1; :::; ~zk�1) which is conditioned on the
earlier processed measurement set f~z1; :::; ~zk�1g.

Using theorem 7.4.3 [11] it is possible to derive the
following measurement bearing marginal probability
density function

f(�k) =
1p

2� � ��;k
e
�

(�k��k)
2

2�2
�;k (2)

where ��;k is determined by B and �k is determined
by h(s(tk)). A possible alternative is to derive the
marginal density function for the measurement range.
The choice for the measurement bearing has been made
based on the requirement to minimize the waiting time
before determination is possible that a rotating sensor
has �nished scanning a certain (sub)cluster.

For each target j a dynamical measurement bearing
interval

[�jc1;k; �
j
c2;k

] (3)

can be de�ned at measurement time tk in such a way
that only a negligable amount of probability mass falls
outside the given interval. This interval will be used
to quickly determine whether a measurement is likely
to originate from a speci�c track. In this paper it is
assumed that the sensor is rotating clockwise. Assum-
ing a risk of 0:0026 to miss a measurement produced
by the target, the interval for target j is determined

by [�
j

k + 3�j�;k; �
j

k � 3�j�;k]. The example measure-
ment (R; �) made at time tk does not match with the
bearing interval [�0; �1] of track j as shown in �g.
1. This means that track j is not considered to be
a likely source for the speci�c measurement because
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Figure 1: The target is not a likely source for the mea-
surement

the measurement's bearing does not fall in the interval
[�jc1;k; �

j
c2;k

] = [�0; �1].
Applying the bearing interval (3) improvements to

the classical MHT [8] are possible, especially when
combined with Tarjan's algorithm [4]. In table 1 an
overview is given of the possible combinations of tech-
niques, proposed in this paper, which can reduce the
amount of processing time and the delay-time before
pruning or measurement processing can occur. When
the processing time is reduced for the enumerative ap-
proach in [8] also the necessary computer storage is re-
duced because the number of hypotheses to be stored
is lower due to the fact that pruning can be applied
after the set of measurements corresponding with each
found independent subcluster is processed.

Table 1: Possibilities to combine techniques

Techniques
Marginal Density function (MDF) Main advantage(s)

-definition of cluster size (section 3) -waiting time after
sensor finishes a
clusterscan is
minimized

Tarjan's algorithm

-possibility to find independent -processing time
association submatrices (section 2) is minimized

MDF + Clustering

-possibility to find independent -processing time
subclusters in a cluster (section 4.1) is reduced and waiting

time is minimized

MDF + Clustering +
Tarjan's algorithm

-possibility to find minimal division -both processing and waiting
in subclusters (section 4.2) time are minimized

The outline of this paper is as follows. In section
2 is discussed how Tarjan's algorithm can be applied
to multiple target tracking. Section 3 introduces the
cluster bearing size which is used to reduce the delay-
time before the assigned cluster measurements can be
processed or the MHT tree can be pruned. In section
4 the possibility to determine independent subclusters
within a cluster is studied with the objective to mini-
mize the amount of computer processing power, com-
puter storage and delay-times.

2 Tarjan's algorithm

The elements in an association matrix represent the
score gains associated with the various observation-
to-track assignments, including new tracks and false
alarms. The objective of this section is to �nd the
independent submatrices in this association matrix

with the intention to optimize the subcluster division
as presented in subsection 4.2. Another application of
Tarjan's algorithm can be found in subsection 4.1.

In [4] a very eÆcient implementation of Tarjan's al-
gorithm has been proposed. Basically, the algorithm
�nds a permutation matrix Q which transforms a n�n
matrix A to block triangular form. The transformation
is given by

B = QAQT =

0
@ B11 0

:::

Bn1 Bnn

1
A (4)

where the blocks Bii are square.
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p3 p5p1 p4 p2 p8 p6 p7

t1 t6 t5 t4 t3 t2

Figure 2: A number of plots correlates with a set of
tracks.

To understand the possibility to apply Tarjan's algo-
rithm to the data-association problem consider �rst the
example given in �g. 2. Here a set of plots [p1; : : : ; p8]
and a set of tracks [t1; : : : ; t6] are shown. It is assumed
that the plots are measured by a single sensor (rotating
clockwise) and that a maximum of one plot can be as-
signed to a certain track during a sensor scan. Due to
the objective in this section to �nd independent subma-
trices it is not necessary to take false alarm and new
track association possibilities for a plot into account
because there is no dependency with other plots. The
correlations of plots with targets are indicated with
arcs. The resulting association matrix is given in (5).

A =

t1 t2 t3 t4 t5 t6
p1
p2
p3
p4
p5
p6
p7
p8

0
BBBBBBBBBB@

c11 0 0 0 0 0
0 0 0 0 c25 0
c31 0 0 0 0 0
0 0 0 0 c45 0
c51 0 0 0 c55 c56
0 0 c63 c64 0 0
0 c72 0 0 0 0
0 0 0 c84 0 0

1
CCCCCCCCCCA

(5)
The factor cij expresses the strength of the correla-
tion at time ti between plot i and track j and is de-
�ned by fj(~zi) = N(h(sj(ti)); Bj). Bj is determined

by Bj = Hi
j �P j

i (Hi
j)T +Ri. The objective is to apply

Tarjan's algorithm to determine independent subma-
trices of A. The application of Tarjan's algorithm is
restricted to n � n matrices. The example matrix (5)
has the dimension 8� 6 which means that application
of the algorithm directly on the assocation matrix is
not possible. Here it is shown that the given assign-
ment problem can be transformed to a form which can
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Figure 3: The plot-relation graph.

be handled by Tarjan's algorithm. Assume that a con-
nection or relation between plots (nodes) is indicated
by the fact that they correlate with the same track and
that the plots compete with each other for the same
track in the assignment process. This transforms the
graph given in �g. 2 to the bidirectional graph in �g.
3. Each arc between two plots is labeled with the cor-
relating target. The resulting relation matrix is given
by

p1 p2 p3 p4 p5 p6 p7 p8
p1
p2
p3
p4
p5
p6
p7
p8

0
BBBBBBBBBB@

0 0 1 0 1 0 0 0
0 0 0 5 5 0 0 0
1 0 0 0 1 0 0 0
0 5 0 0 5 0 0 0
1 5 1 5 6 0 0 0
0 0 0 0 0 3 0 4
0 0 0 0 0 0 2 0
0 0 0 0 0 4 0 0

1
CCCCCCCCCCA

(6)

After application of Tarjan's algorithm the result

C =

p7 p6 p8 p1 p2 p3 p4 p5
p7
p6
p8
p1
p2
p3
p4
p5

0
BBBBBBBBBB@

2 0 0 0 0 0 0 0
0 3 4 0 0 0 0 0
0 4 0 0 0 0 0 0
0 0 0 0 0 1 0 1

0 0 0 0 0 0 5 5

0 0 0 1 0 0 0 1

0 0 0 0 5 0 0 5

0 0 0 1 5 1 5 6

1
CCCCCCCCCCA

(7)

is produced. The matrix C contains three independent
submatrices, each corresponding with one of the inde-
pendent subgraphs given in �g. 3. The corresponding
association submatrices are found by using for each
plot the earlier found outgoing arc information (�g.
3) which corresponds with tracks correlating with the
plot. If plot 1 correlates with track t1 then the corre-
sponding correlation factor is c11 (matrix 5). Matrix
(8) is one of the found independent submatrices in ma-
trix C.

p6 p8
p6
p8

�
3 4
4 0

�
(8)

The plots p6 and p8 are clearly independent from the
other plots because no relations with the other plots
are found. This is also shown in �g. 2. The corre-
sponding association submatrix is found by checking
for each plot the nonzero elements in the correspond-

ing row. This produces directly

t3 t4
p6
p8

�
c63 c64
0 c84

�
(9)

After adding to the di�erent independent submatri-
ces the new track and false alarm possibilities for each
plot, the association submatrices corresponding with
the di�erent independent subproblems are de�ned.

An interesting property is shown in matrix (7). Due
to the fact that the links in the graph are all bidirec-
tional, matrix (7) is blockdiagonal with only square
submatrices on the diagonal. Compared with matrix
(4) the o�-diagonal matrices Bij = 0; (i 6= j). Further-
more, when the di�erent independent subgraphs in �g.
3 are found also the link information is available be-
cause every edge is traversed (only) once.

The worst case upper limit for the processing time
of Tarjan's algorithm is given by O(n) +O(�) where n
is the number of nodes (plots) and � the number of o�-
diagonal nonzeros [4]. Here it is assumed that matrix
(6) is available in the form as required in [3]. The in-
formation contained in �g. 2, �g. 3, matrix (5), matrix
(6) and the required form of the information in matrix
(7) is assumed to be produced in a processing time
which has as worst case upper limit O(n2). Further-
more, the transformation from matrix (8) to matrix (9)
has also a worst case upper limit O(n2) for the process-
ing time. The complete algorithm presented here has
a worst case upper limit given by O(n2) +O(�).
However, in a practical implementation the informa-
tion is already present in the required form when corre-
lations are calculated. Furthermore, it is not necessary
to create matrix (7). Hence, a computational order of
O(n) +O(�) is feasible.
In [4] the Tarjan algorithm has been implemented for
use on a sparse matrix data structure. For the appli-
cation domain presented here it is possible that this
condition is not ful�lled and � � n2 � n, resulting in
� 2 O(n2) or O(�) � O(n2) ([5], [9]).

3 Cluster bearing size

In this section two standard methods to generate the
required data-association hypotheses are considered.
Both methods use clustering (section 1) to divide
the tracking problem in a number of smaller tracking
problems which can be solved independently. In both
methods it is assumed that the time when the sensor
has �nished scanning a cluster is exactly known. This
time can be determined accurately by using bearing
interval (3). For each track in the tracklist of a cluster
the bearing interval (3) is available which means that
the minimum bearing and maximum bearing of a
cluster can be calculated at a certain measurement
time tk. This information can be used to minimize the
waiting time before processing or pruning can occur
after a cluster has been passed.

The �rst method is based on [8] and generates hy-
potheses by enumeration. Each time a measurement is



received the hypotheses tree is extended with the as-
sociation possibilities corresponding with the speci�c
hypothesis. Hypotheses with a probability factor con-
sidered too low are pruned from the MHT tree at a
certain moment tprune. It is assumed that a measure-
ment k with a measuring time tk � tprune can not
originate from a source in the cluster.

The other method is based on generating exactly
N-best solutions [1]. The solutions are generated at
time tgen. Here also the assumption is made that a
measurement k with a measuring time tk � tgen can
not originate from a source in the cluster.

The problem with both approaches is that the as-
sumption that the time tprune or tgen is accurately
known is not (yet) valid. A practical approach is to
compare the measurement time tk with the last known
track update time tu in the cluster. If the di�erence
tk � tu > �t then it is assumed that the cluster has
been passed. Here �t has a chosen constant value. It
is clear that this constant has no relation to the ac-
tual size of the cluster. A possible alternative is to
use the known bearing of the di�erent targets in the
tracklist for the cluster to determine a cluster bearing
size. In that case it is possible that for tracks in the
cluster track list the target correlation ellipsoid can
partly fall outside the determined cluster size. This
means that for a certain measurement the decision is
possible that the cluster has been passed by the sen-
sor, but that there are still correlations possible with
tracks contained in the cluster. The logical conclusion
is that the cluster size has not be de�ned correctly.
Using the interval (3) for the di�erent targets j in
the cluster, it is possible to de�ne the bearing size
of a cluster at measurement time tk. For each tar-
get in the cluster it is assumed that a prediction of the
state vector ŝ(tj) and residual error covariance matrix

P̂ (tj), available at time tj , to this measurement time
has been made. The next step is to determine the
minimum bearing �min(tk) and the maximum bearing
�max(tk) using the di�erent available track bearing in-
tervals. Assuming a clockwise rotating sensor and a
measurement with measuring time tk and bearing �k
it can be safely concluded that the cluster has been
passed when �k < �min(tk). The time tprune or tgen is
determined by the measuring time tk of the �rst mea-
surement ful�lling this condition.

Example

The measurement ( R = 10005 m., � = 40:0Æ) has
been received at tm = 16:50 sec . Assume that for each
target j in the cluster the dynamical bearing interval
is calculated as speci�ed in section 1. In table 2 the
cluster size information and the last track update mea-
surement at time t = 16:47 sec. are given.

Table 2: Cluster information.

Cluster Information

begin: �max(tm) = 48:8Æ end : �min(tm) = 42:2Æ

last track update measurement: (R = 10057 m.,� = 45:5Æ )
t = 16.47 s.

It is assumed that in this example �t = 0:5 sec. which
means that the conclusion that the cluster has been
passed can be drawn not earlier than at tprune = 16:97
sec. (or tgen = 16:97 sec.).
Using the cluster information given in table 2 for the
new measurement bearing � = 40:0Æ, it is clear that
� < �min(tm) because 40:0

Æ < 42:2Æ. This means that
the delay-time before pruning or processing of the mea-
surements can occur is reduced to 0:03 sec . Compared
with the original delay-time of at least 0:5 sec. the con-
clusion is that a signi�cant delay-time reduction has
been achieved.

4 Quickest pruning

The availability of bearing interval (3) for each target
in the tracklist of a cluster contains the possibility to
divide a cluster in smaller, independent parts. The
section starts with discussing clustering as proposed
in [8]. In subsection 4.1 the use of the available
bearing intervals is introduced to divide a cluster in
subclusters. This approach is re�ned in subsection 4.2.

The starting point is the cluster formation process
as described in [8]. A cluster is completely de�ned by
specifying the set of targets and measurements in the
cluster, and the alternative data-association hypothe-
ses which relate the targets and the measurements. In-
cluded in this description is the probability of each hy-
pothesis and a target �le for each hypothesis.
A measurement is associated with a cluster if it falls
within the correlation gate of any target of that clus-
ter for any prior data-association hypothesis of that
cluster. A new cluster is formed for each measurement
which cannot be associated with any prior cluster. If
any measurement is associated with two or more clus-
ters, then those clusters are combined into a "super-
cluster". Clusters can only be reduced in the number
of targets by the mechanism of cluster splitting which
is based on the idea of a con�rmed target. Assume that
all hypotheses with a negligible probability have been
dropped. When in all surviving hypotheses a certain
already existing target is the only association possibil-
ity for a measurement the target is declared con�rmed.
Con�rmed targets are removed from the cluster and
form new clusters of their own.

A

E

B C

D

Cluster

Figure 4: The example cluster.

Notice that cluster split and merge depend on how
measurements fall within the track correlation gates.
Given the fact that there can be missed detections and
false alarms, this will not always result in the best clus-



ter division. Assume that the cluster indicated in �g.
4 exists. As example it is assumed that the measure-
ments are (R; �) pairs. Indicated in the �gure are the
two-dimensional correlation gates of the di�erent tar-
gets which are a member of the cluster at a certain time
t1. In this example the correlation gates are ellipses in
polar coordinates. If the measurements contain more
information the gates are ellipsoids. After some time
measurements are assigned to the cluster and at pro-
cessing/pruning time t2, determined by the arrival of a
new measurement (section 3), the situation indicated
in �g. 5 exists. Measurement m1 is measured at time
tm1 and measurement m2 at time tm2 with tm1 � tm2 .
This means that predictions to three di�erent times
have to be made for the speci�c cluster. Normally,
for each measurement a prediction to the measurement
time is made for all clusters. Figure 5 has to be con-
sidered as an artistic view. Following the given rules of
cluster formation, after processing this cluster contains
still the target set (A;B;C;D;E). However, the clus-
ter can now be decomposed into three new clusters.
Inspection of the positions of the correlation ellipses
(gates) in �g. 5 learns that the optimal division of
the cluster has to produce the independent subclusters
(A;B), (C;D) and (E) at time t2.

A

C

DE

B

MeasurementCluster

M1
M2

Figure 5: The cluster at time t2.

A logical way to determine clusters is to use the
available correlation ellipses or ellipsoids. Targets with
overlapping ellipses or intersecting ellipsoids are as-
sumed to be member of the same cluster. The dis-
advantage of such an approach are the necessary inter-
section calculations which in terms of processing power
become prohibitive expensive for a large number of
tracks and/or for higher ellipsoid dimensions in a MHT
application.

A possible approach is to apply Tarjan's algorithm
directly to the resulting cluster relation matrix (sec-
tion 2 ). This means that it is necessary to wait until
this matrix is created for the whole cluster. A better
approach is to use the dynamical bearing intervals (3),
which is discussed in subsection 4.1. In subsection 4.2
some re�nements are presented.

4.1 Subcluster division

A better approach is to use the dynamical measure-
ment interval (3) which is determined for each target
which is a member of the cluster. Using the intervals
it is possible to determine for each two targets whether
their intervals overlap. Each target in the cluster tar-
get list is considered.

C

D

E

A

B

Cluster

Figure 6: For each target in the cluster the bearing in-
terval is used, here indicated by a corresponding range
interval.

Using the determined overlap between bearing in-
tervals the resulting overlap relation matrix for the ex-
ample in �g. 6 is given by

A B C D E

A

B

C

D

E

0
BBBB@

0 1 0 0 1
1 0 0 0 1
0 0 0 1 0
0 0 1 0 0
1 1 0 0 0

1
CCCCA

(10)

The relation matrix has the same form as the matrix
given in eq. 6. An 1 indicates overlap between the
interval of two given targets and a 0 no overlap. Ap-
plication of Tarjan's algorithm results in a relation ma-
trix containing one or more independent (sub)matrices
which determine the di�erent independent subclusters.
Applied to the example in �g. 6 the two subclusters
(A;B;E) and (C;D) are found. The result is not yet
optimal because target E is included in (A;B;E). Due
to the fact that each cluster can produce one or more
independent subclusters, the one large tracking prob-
lem is divided in more and smaller tracking problems
which amounts to an even larger reduction of the nec-
essary amount of computer storage and computation
time than the approach given in [8].

The worst case upper limit for the processing time
depends on the generation of the bearing interval over-
lap information, the application of Tarjan's algorithm
and the fact that for each received measurement the
calculations have to be repeated. The overlap rela-
tion matrix can be generated in O(m2), where m is
the number of targets in the cluster tracklist. Further-
more, the calculations are repeated for each received
measurement, which means that the worst case up-
per limit is given by O(n�m2) +O(n�) +O(n2) and
where n is the number of measurements received. This
compares favourable with the worst case upper limit
O(nk(n+m)3) which for example can be derived for the
N-best algorithm, using Murty's algorithm ([7]) and
Jonker and Volgenant's shortest path algorithm ([6])
and where the number of hypotheses to be calculated
is given by k. Compared with the original derivation
in [10] correlation and prediction are excluded in this
upper limit, clustering is assumed to be applied and
the total number of tracks in the tracklist of a cluster
is taken instead of the maximum of tracks in one of the
k hypotheses. This means that it is realistic to expect
a reduction in cpu-time when the association problem



for a cluster is divided in smaller, independent parts.
For the enumeration approach in [8] the comparison
is even more in advantage of the subcluster division
approach introduced in this section.

The second advantage is that the decision to prune
or to apply the N-best algorithm can be taken without
unnecessary delay because it is immediately clear that
there are no measurements possible from a certain sub-
cluster when the measurement bearing �k < �min(tk)
at time tk. When the measurements are possibly sub-

β( β(m ) k )

Figure 7: The measurement distribution is shifted to
bearing �m at time tm .

ject to a certain maximum processing delay �� a check
is necessary to determine whether it is still possible to
receive a measurement from a certain subcluster. A
schematic view of this process is given in �g. 7 . The
result of the sensor processing of the received hits on
target is a measurement �̂k at time tk with an accu-
racy �b;k de�ning a normal probability density function

N(�̂k; �b;k). The function value corresponding with
the unknown �tk of the target is given by

f(�tk) =
1p

2� � ��;k
e
�

(�t
k
��̂k)

2

2�2
�;k (11)

Normally, to simplify notation �̂k is written as �k.
This distribution function is shifted to the bearing

�m = �k + �� � !(tk) where the maximally delayed
measurement is expected to be produced at time tm.
Here tm = tk��� and !(tk) is the angular velocity of
the sensor at measurement time tk. If �m < �min(tm)
a delayed measurement with such a bearing can not
be received anymore from the considered subcluster
at time tk and it can be safely concluded that an in-
dependent subcluster has been found (at the left side
of the dashed line which indicates the possible max-
imal delayed measurement bearing in �g. 8 ). This
subcluster can still contain one or more independent
subclusters. If necessary, a more accurate calculation
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B

MeasurementCluster

β(Rk,   k)

bearing
delayed measument

Figure 8: At time tk independent subcluster (A;B;E)
has been found .

is possible. It is assumed that the angular velocity is

known, for example by adding this information to the
message containing the measurement data. Further-
more, in this case it is also necessary to predict the
subcluster's �min(tm) at time tm. This prediction is
only necessary when �k < �min(tk). If a delayed mea-
surement is received a prediction over a negative time
interval has to be made. In that case the negative-time
update method of [12] can be applied.
If no delayed measurement can fall in the speci�c sub-
cluster anymore, an independent subcluster has been
found and the MHT tree for the cluster can be safely
pruned immediately or the N-best algorithm can be
applied to the measurements corresponding with the
speci�c subcluster. The delay-time before process-
ing/pruning can be applied is minimized with respect
to the situation described in section 3. For the enumer-
ation method the presented approach is called Quickest
Pruning because it is not possible to prune earlier.

4.2 Subcluster optimization

In section 4.1 the conclusion was that the subcluster
(A;B;E) is not optimal because target E in �g. 5 is
clearly independent from subcluster (A;B). A further
subdivision is possible if one or more measurements
correlate with target E. For each subcluster an associ-
ation matrix as given in (5) can be determined. Using
Tarjan's algorithm a relation matrix (7) is produced
which contains the necessary information to divide the
association matrix in independent submatrices. In the
example given in �g. 5 this results in independent as-
sociation submatrices for subcluster E and subcluster
(A;B). This further subdivision results in a division in
subclusters which is clearly optimal. Combining this
approach with the approach described earlier in section
4.1 results �nally in an optimal reduction of the nec-
essary amount of computer storage and computation
time compared with the approach given in [8]. Further-
more, the delay-time before processing/pruning can oc-
cur was already minimized in subsection 4.1.

For each subcluster which is considered to be passed
Tarjan can be applied. This means that for the l sub-
clusters found in the cluster the calculations as pro-
posed in section 2 have to be carried out. This re-
sults in the worst case upper limit given by O(l �
n2) + O(l�). Combination of the algorithms pro-
posed in subsection 4.1 and this section produces �-
nally an algorithm with a worst case upper limit of
O(n � m2) + O((n + l) � �) + O(l � n2). Assuming
a practical implementation (section 2) this reduces to
O(n�m2) +O((n+ l)� �) +O(n2) +O(l� n) where
O(n2) +O(l � n) 2 O(l � n2).

5 Conclusions

Due to the fact that for real-time MHT applications
improvements concerning the use of computer storage
and computation time are expected to be necessary
with respect to [8] a number of improvement measures
are proposed in this paper. The primary contribution
of this paper is the de�nition of a marginal bearing



density function for the measurements produced by a
certain track which forms the theoretical foundation
for the di�erent promising improvements. Stepwise
implementation of the di�erent measures enumerated
in table 1 can provide MHT applications based on [8]
with the means to use the available computer storage
and computation time resources as eÆcient as possi-
ble. Furthermore, delay-times that can occur before
processing/pruning can be applied are minimized.

The di�erent improvements have to be implemented
and tested in an operational MHT application, us-
ing practical scenario's, to quantify the reduction in
computer storage use, computation time and delay-
time. The target bearing interval (3) and the cluster
bearing size (section 3) have been implemented in an
enumeration-type MHT application based on [8]. The
use of the target bearing interval minimizes the num-
ber of correlations necessary and the cluster bearing
size minimizes the number of predictions necessary by
pruning a cluster hypotheses tree as soon as possible.
Preliminary simulation results against moderate com-
plex scenarios show a computation time reduction of
� 10%.
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