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Abstract — This is the first half of a two-part paper devoted to
the multidimensional assignment problem (MDA) in multiple tar-
get tracking. Here a new polynomial-time algorithm for solving
the MDA problem is proposed. The dimension of the formulated
assignment problem is given by two parameters: the number qof
available sensors and the last time instant when association decj-
sions are revokable. This algorithm is then used in the companion
paper [4] where a decomposition approach aiming at reducing the
number of candidate associations and then creating independent SHARED DATA SPACE
MDA subproblems is proposed. The algorithm proposed here is
applied inside each independent MDA subproblem.
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1 Formulation of the MDA problem

The objective of multiple target tracking is to partition thésig. 1. Mechanism of store/retrieval of sensor measure-
data received from sensors into sets of measurementspants.

track hypotheses, produced by the same target [1]. The

central problem in the application of multiple target trackespectively the timestamp when the measurement is re-
ing is to associate measurements with the appropriate trddgved and the number of the sensor that has produced
hypotheses. Each measurement can be associated to afféxmeasurement; = 1,2,...[M7)| and M7 is the
isting track hypothesis, a new track hypothesis or a fal§gt of all measurements retrieved from sensat times-
alarm. Different formulations of the data association pro@mMpt:. The set of measurements collected at timestamp
lem have been proposed in the literature. In this paper oriy from all available S’ sensors is denoted by (i) =

the multidimensional assignment formulation is addressad?1 (¢), Z2(i), ..., Zs(i)}. We call such a set eomplete
Assume thatS sensors scan the surveillance region. E¥tame.

ery sensor stores the produced measurements in a sharé¥pte thata measurement in the framigi) may emanate
data space. The stored measurements can be retrieved @y an existing target or be a false alarm. The cumulative
means of a query. At fixed timestamps to, ..., ¢ the Set of all measurements collected from glkensors until
sets of measurements are retrieved. More particularly B¢ timestampty is denoted byZ" and mathematically
timestampt; the measurements produced by all sensors@pressed ag™ = {Z(1),Z(2),..., Z(N)}. A track

the interval[t;_1, t;) are collected. Figure 1 illustrates thelyPothesiss defined as a set of measurements such that
mechanism of storing and retrieving measurements. Thépé every complete frame at most one measurement comes
areS sensors that produce measurements and send thei@8" & certain sensor. Formally ifis a track hypothesis,
the shared data space where they are stored. The moddfh|z N Z;(k)| < 1 for eachj andk. The process of par-
Retrieve Sensor Measurements retrieves the measuremBHg§ling sensor measurements into track hypotheses can be

from the shared data space. seen as a partitioning problem over the cumulative data set
N it N ; .
We denote byZ; (i) the set of measurements retrieved - A partitiony of Z* is defined by:
by sensorj at timestampt;, formally Z;(i) = {z,(j’”} o v={21,...,2 : 2; # () for eachi},

wheret;, is the actual measurement timeand j denote
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e |z;N Z;(k)| <1 for eachj andk

[ ZN = U?:l Zi

Here, each element is a track hypothesis ariddenotes
the number of track hypotheses in the partitioriThe sec-
ond constraint expresses that two track hypotheses in the
partition do not share measurements. The third constraint
states that each track hypothesis can contain at most one
measurement in the data set retrieved from a sensor at|a
certain timestamp. Finally the fourth constraint states tha
all measurements must be covered by the track hypothe-
ses iny. The goal in data association is to find thest Fig. 2: Data association posed as a multidimensional as-
partition of ZV. Informally the best partition is the onesignment problem
most likely to correspond with the real world situation. In
order to define it formally a cost-coefficient is needed for i i
each track hypothesis € ZV. An approach described in?Y = 1,2;..., W +1the problem is 50"}’1’30' using a data as-
[8] is used where a quality measure for a track hypoth&0ciation algorithm. When th@V" + 2)™ complete frame
sisz € ZV is defined in the form of #ikelihood function °Of Mmeasurements is received the association decisions be-

Q(z). The objective of this function is to assign a score ¢YV€en measurements of the first two complete frames be-

L) . ) come fixed (they correspond to the circles in fig. 2 colored
how good each measurement’’ ¢ = fits the target’s as- . -
in blue). All the track hypotheses containing measurements
sumed measurement model. The measurements are noIse: L . ) .

. - . gutside the sliding window are removed from consideration
contaminated. The deviation between the predicted posi- : ; .
o ~unless the measurements falling outside the window have
tion in the measurement space and the measurement |t8e

is assumed to follow the normal distribution. The likeli- e&g;zsrzglt?égﬁ b;/ tgzkliarl]st Zgl:gtc; nl;gl:f"“r(]g)etﬂéls.et of
hood of a partition ofZ" is computed by the product of y sp 9 +1

the individual track likelihoods. If we now associate eacﬁII the track hypotheses that are part of the last solution

L : computed and cut at the beginning of the window. This is
trac_:k hypothesis \tN'th the weightu () log(Q('z)) and the set of all established track hypotheses. Aftertiat 2
defineW (y) = >,_; w(z;), the data association problem . L
i 4 . ... complete frames have been received the data association of
can be formulated asraaximum weighted set partitioning

. : " . “the measurements in the first three complete frames remains
problem where the goal is to find the partitiori such that: fixed and so on, Formally, at thé-th timestamp, we define
W(7") = maxW(y) €y
yel’

SLIDING WINDOW

y Z*(N) = Zn(0)UZ(N =W + 1) U--- U Z(N)
wherel denotes the set of all partitions gf¥. We call~*

anoptimal partition and denote by™ the set of all partitions ofZ*(N). The
Ideally we would like to solve the DAP every time a comgoal is now to find the partition* € I'* with the highest

plete frame of measurements is collected. The problemsasn of track weights.

formulated above includes measurements collected from allt is important to note that &/ -sliding window implies

availableS sensors during all timestamps. Such problethe solution of §W x S)+ 1-dimensional assignment prob-

has been shown to be NP-hard [6] when the nuntbef lem. This is due to the fact that there dfié complete

sensors used is 3. In order to reduce the complexity of theframes, each consisting itself Sfframes of measurements

problem, a deferred logic approach is used in which on{gne frame for each sensor) plus one additional frame con-

the last complete frames of measurements take part in gigting of established track hypotheses.

problem solving process. Recall that a complete frame has

been defined above as the set of measurements colle@ed The Semi-Greedy Track Selection

from all available sensors at a fixed timestamp. algorithm

A technique for considering only the laBt complete h | of thi L i h | ial ti
frames is thelV-sliding window approach introduced byT € goa oft IS sectionisto ustrate.t € polynomia _tlme
Igorithm Semi-Greedy Track Selection (SGTS). This al-

Poore [8, 9]. The main idea is to consider only the me&9¢ - . ;
surements of thé”” complete frames that lie within thegonthm solves the multidimensional assignment problem

window as well as earlier established track hypotheses.aﬁ _formulated In Fhe previous SeCt'(_m' Subsect|on_2.1 de-
a new complete fram& (') of measurements is receivedscr'bes the algorithm and Subsection 2.2 determines the

the window slides one complete frame ahead so it agzﬁﬂmplexity order estimation of the proposed algorithm.

embraces the lagt’ complete frames. . .
This implies that all decisions concerning measuremerﬁsl Description and Analysis of SGTS

collected before the timestamp,_y (outside the win- The SGTS is a semigreedy algorithm that first generates a
dow) become fixed by the last solution fulfilling eq.1. Fonumber of different partitions of sensor measurements into



track hypotheses. Subsequently it selects the partition witteasurements with T1. The selection of track hypothesis
the highest sum of track weights. It receives in input a set ® implies the deletion of the track hypotheses T5 and T6
weighted track hypotheses, denotedfy Recall that the since they both share measurement 4. So the first partition
weight of a track hypothesis is the logarithm of the likeliis complete since there is no other track selectable. The
hood of the track hypothesis as described in Section 1. Téecond partition P2 contains T2 as an initial track hypoth-
output is the partition among the ones generated with thsis and this is correct since T2 has not been selected in
highest sum of track weights. SGTS runs as follows. Firtie previous partition P1. Subsequently track hypotheses
it sorts all track hypotheses i, by decreasing weight. T1, T4 and T5 are removed because they share measure-
Then it generates the partitions. Starting fromiaitial ments with T2. The next selected track hypothesis is T3
track hypothesis, every partition is constructed by repeathich does not share any measurement with the last re-
edly including the track hypothesis with the highest weiglmaining track hypothesis T6. The selection of the track
that does not share measurements with any of the prewpothesis T6 completes the second partition P2. In order
ously selected track hypotheses. In order to guarantee tttagenerate P3 SGTS starts selecting T5 as an initial track
all generated partitions are different, for every partition amypothesis because T1, T2, T3 and T4 have already been
initial track hypothesis that has not yet been included selected in the previous two partitions. After selecting T5,
any of the previously generated partitions is chosen. Thistiee track hypotheses T4 and T2 and T6 are removed be-
accomplished according to the following criteria: cause they share measurements with T5. Hence the next
) N o o track hypothesis selected is T1 because it is the one with
e First Partl_tlonl. Thenm_al track hypotheS|s is the trackhe highest weight within the remaining track hypotheses.
hypothesis with the highest weight. Since T1 and T3 share measurement 3 the track hypothesis
e i-th Partition. Thenitial track hypothesis is the trackT3 is deleted anq_no other traqk hy_pothe5|s can be further
S . . selected for partition P3. At this point each track hypoth-
hypothesis with the highest weight among the ones. ; ) .

: . esis has been selected in some of the first three partitions,
that have not yet been included in any of the P ence sGTS stops because it does not find an initial track
ouslyi — 1 generated partitions. ; ", -

hypothesis to start a new partition and outputs partition P2

The algorithm stops when no other partition can be geWhich is the one with the highest weight.

erated because each input track hypothesis has already bedhiS important to note that SGTS generates a number of
included in some previously generated partition. Of cour§ifferent partitions. Based upon some apriori additional in-
it is possible to fix a maximum number of partitions thafprmatlon an operator might d§0|de to ;elect a partition that
SGTS can generate. This results in a high flexibility bdS Not necessarily the one with the highest sum of track
cause the number of partitions that are generated before Wgights. Another advantage of SGTS is the mathemati-
lecting the one with the highest sum of track weights c&ifl guarantee on the quality of the solution returned. More
be adapted to the available computation time. The partiti§grticularly it will be shown that the value of the first so-
with the highest sum of track weights is the one returnd@fion generated by SGTS approximates the value of the
by SGTS and is used to freeze the assignments of meas@imal solution within a guaranteed factor depending on
ments outside the window (see previous section). An eiie dimensionl = I x S + 1 of the assignment problem.
ample of a run of the SGTS algorithm is shown in figuréhe proof given here is based upon a result given in [7]

3. concerning the approximation of the weighted set packing
problem. As follows, the steps followed by the algorithm to
Trckyp shering mesurement 1 N — generate the first solution are described in pseudocode. The
e module of SGTS that generates the first solution is called
@ e SGTS1. In order to simplify the understanding of the fol-
-, N lowing pseudocode, the main variables used are described:
yp. sharing measurement 3 Track hyp. sharing measurement 4 W(T6)=0

e z; is the track hypothesis selected as part of the first
solution at the-th iteration.

PL={T1, T4}, W(P1) =8

Pt T4 T8, w0 e Z; contains the track hypotheses that are eliminated at

soLuTION =2 the i-th iteration because they have measurements in
common with the selected track hypothesjs

Fig. 3: Example of a run of SGTS. e T contains the track hypotheses that can still be part

of the first solution because they do not intersect any

of the track hypotheses,, zo, ..., x;_1,x; selected

In figure 3 there are six track hypotheses and four mea- in the first iterations of SGTSL.

surements forming the tracks. The first partition P1 consists
of track hypotheses T1 and T4. The track hypothesis T1
is the first one selected because it has the highest weight.
The track hypothesis T4 is selected next because it is the
one with the highest score after track hypotheses T2 and
T3 have been eliminated due to the reason that they share



Proof. Due to the second instruction of the loogpeat
w(z) < w(x;) for any track hypothesis € T;_,. There-

ALGORITHM SGTS1( Z.) fore:
10
T; «— Z. W(OPT;) = Z w(z) < w(x;)|OPT;]
repeat 2€0PT.
S :
z; « z € Tj—1 that maximizesv(z) The lemma 1 allows to claim thatV(OPT;) <

Zi—{z€Tiazminz#0} w(x;)|z;|. Since we are solving d-dimensional assign-

T, —Ti-1\Z; - .
wntil T; = 0 a ment problem, the cardinality of each track hypothesis will
Tetumf{xl’x% ) never be greater thady thusW (OPT;) < d x w(x;). It

follows that

W(OPT) =Y W(OPT;) <d Y w(x;) =dx W(S).

Assume OPT to be an optimal partition. At each
iterationi of the looprepeat we defineOPT; as the set O
of track hypotheses that are part of the optimal solution
and have measurements in common with the set&;in A guaranteed approximation factor has been provided for
Mathematically this is expressed @PT; = OPT N Z;. the first solution generated by the algorithm. This means
Furthermore denote by, the solution returned by SGTS1 that the solution returned by SGTS which not necessarily
coincides with the first solution generated can give an ap-
Lemma 1: The number of track hypotheses contained jroximation factor equal to or smaller thdnThis is better
the setOPT; is not greater than the number of measuretustrated in fig. 5
ments contained in the track hypothesis i.e |OPT;| <
4.

Proof. Firstly note that the track hypotheses(nPT; are
pairwise disjoint because they are also contained in the op- OPT = weight of the optimal partition
timal partition, beingDPT; = OPT N Z;. Secondly note o
that each track hypothesis contained’i’T; is also con-
tained inZ; by definition ofO PT;. Since all track hypothe- | turesioLo=orrio
ses contained i; have measurements in common with

by definition of Z;, each track hypothesis i@ PT; has at
least one measurement in common with the track hypoth
esisx;. Figure 4 illustrates the extreme situation that can
occur, i.e each track hypothesis hPT; shares only one
measurement with;.

THRESHOLD = minimum possibile weight

Solution of GTS -
of the partition returned by GTS.

D = dimension of the assignment problem.

N

.

Fig. 5: Guaranteed approximation factor of SGTS

A more detailed analysis of the SGTS algorithm as well
i as experimental results are presented in [2].

track hyp. 3 track hyp. 4

OPT

track hyp.1  trackhyp.2

2.2 Complexity Order Estimation of SGTS

This subsection gives a detailed analysis of the complexity
of the SGTS algorithm. This analysis is decomposed in two
major parts: the number of operations needed to sort the
track hypotheses and the number of operations needed to
generate the different solutions. The following parameters
are used for the analysis:

Fig. 4: Number of track hypotheses éhPT; = number of

measurements in; e t = |Z,|is the cardinality of the input track hypothesis

set of the algorithm.

The conclusion is thgO PT;| < |z;|. O e n is the cardinality of the set of measurements that are

" , , ) , contained in the track hypotheses&f.
Proposition 2: For a fixed d-dimensional assignment

problem the value of the solution computed by SGTS1 ap+» { = (W x S) 4 1is the dimension of the assignment
proximates the value @ PT within a factor ofd, i.e. problem, wherdV is the number of complete frames
that are taken into account aSdhe number of sensors

W(OPT) < d x W(51) that have produced the measurements.



Let {m1,ma,...,m,} be an arbitrary ordering of the if it can be included in the partition that is being gener-
measurements contained in the track hypothesés, oin ated since the sorting algorithm is executed only once
order to simplify the notation we usgto indicatem;, i.e at the beginning.
the j-th measurement in the ordering. An artalyof sizen
containing positive integer values is used to check whetherrhe complexity order estimatiofi(K) for the genera-
or not a certain measurement belongs to some other traigt of the first partitions is given by the sum of the single
hypOtheSiS already Selected in the Solution that iS be|f&'msT(P7) representing the Comp|exity to generate each
computed. Initially for anyl < j < n the value ofM[j] partitionP;, 1 < i < K. Formally
is set to 0. Every time a track hypothesiss selected as

a part of a solution)[j] increases by one for every mea- K
surementj contained in the track hypothesis Since all T(K) = ZT(Pi)
measurements must be covered when a solution has been i—1

computed, we have that/[j] = i forany1 < j < n after _ _
computing the-th solution and before starting the compu- Expressing7’(K) as a function of K" and ¢t we get
tation of the(i 4 1)-th solution. T(K) = O(Ktlogt + Kt). The number of generated
The QuickSort algorithm is used to sort the track hy_partitions can be assumed constant, thus the complexity or-
potheses by decreasing weight. This means that the num@ estimation oSGT'S is O(T'log T'). Experimental re-
of operations needed by the sorting process(islog ). sults for the single sensor case [2] show that generally after
It remains to calculate the number of operations need@@nerating twenty partitions there is not any significant im-
to generate a solution. We start with examining the numb@iovement in the quality of the solution.
of operations needed to select tin@ial track hypothesis.
Herg_we distinguish between the first partition and anothgr GreedySet vs Clusterized GreedySet
partition as follows.
. . . The multidimensional assignment problem (MDA) basi-
* Ewst partition. It requires a con;tant number of oper%-a”y consists of solving two subproblems. The first sub-
tions. It c_orresponds with the first track hypothesis IBroblem is the track hypothesis formation using the com-
the ordering. plete frames within the window and the earlier established
o i-th partition ¢ > 1). It requires a constant number O1tr.ack hypotheses. Thg second one is the solution 01_‘ the as-
operations if every time that SGTS generates a par§i|gnment problgm using the track hypotheses obtained af-
tion a pointer to the first track hypothesis in the ordef€" the completion of the first stage. The process of track

ing that has not yet been included in any of the pre\,}iwpothesis formation itself can be further decomposed in
ously generated partitions is saved. other two phases: the correlation tests and the track hy-

pothesis likelihood calculations. The aim of the correla-
All the other track hypotheses (second, third, etc...) ali@n tests is to prevent implausible track hypotheses to be
selected as a part of theth partition ¢ > 1) as follows. formed. The correlation test is achieved by application of
For any scanned track hypothesisn the ordering SGTS thegatingte.st fpr each t'rack hypothesi;-measurenjent pair
checks that every measuremgrmiontained ir is such that [10]. The criterion for this goodness of fit test is defined by
M[j] = i — 1, i.e it has not yet been covered by any trackgateor validationregion. If the correlation test is verified,
hypothesis of the-th solution. If this is the case, then itthen a likelihood must be assigned to the track hypothesis

selects the track hypothesis as a part of the solution a#d this involves the estimation of the track hypothesis state
increments by one the valué[j] for any; in z. If not, then Ve€Ctor. _ _

it scans the next track hypothesis in the ordering. Thisfdthough finding a solution for the MDA problem is the
repeated until all track hypotheses have been scanned. NBRSt important of the two subproblems, it must be noted
that every track hypothesis in the ordering can contain &t the amount of CPU time taken by the track hypothe-
mostd measurements since we are solvingdimensional SIS formation process is much higher [3]. This motivates
assignment problem. Thus it can be safely concluded thBg Study of methods that try to reduce the amount of time

the number of operations needed to generate the differ8fgded for correlation tests and likelihood assignments to
partitions is: track hypotheses. A new approach has been proposed in

the companion paper [4] to address this issue. The pro-

e First partition. It take<)(tlog ¢ + td). The first term POosed approach creates clusters containing disjoint sets of
represents the number of operations required by tHack hypotheses using the available correlation ellipsoids
sorting algorithm and the second term indicates ¥ the track hypotheses. Every measurement in the com-
number of operations needed to check if every tragiete frame received at a particular timestamp is then as-

hypothesis can be included in the partition (using tiégned to a cluster and correlation tests are carried out only
information contained in the array). for track hypotheses in the cluster. Finally a number of

smaller independent MDA subproblems is determined us-
e j-th partition(i > 1). ItrequiresO(td). Here the com- ing the information about the past hystory of the track hy-
plexity order estimation is given only by the number opothesis. For a detailed explanation of the approach the
operations needed to check for every track hypotheseader is referred to [4].



4 Experiments
4.1 Tested features

The goal of the experiments conducted is to test the ad-
vantages of the mean child approach described in the com-
panion paper [4] with respect to the standard approach that
checks for all possible track measurement correlations. Be-
fore proceeding with the description of the experiments we
briefly remind the approach proposed in [4]. It considers
trees consisting of all tracks originated from a fixed mea-
surement falling within the window or from an established
track obtained from the previous solution. For each of these
trees a mean track, which is intuitively a track representing
the mean dynamical behaviour of all tracks in the tree, is
calculated using the predicted state and covariance matri-
ces of all tracks in the tree. The generated mean tracks are
then used to produce clusters, which consist of mean tracks
whose associated uncertainty ellipsoids intersect. When-
ever a measurement is received, it is first checked if it falls
within the cluster size of the some existing clusters. If
so, then a mean track measurement correlation test is per-
formed for every mean track in the cluster and in the case
when the test is successful, the measurement is correlated
with all tracks in the tree. If not, a new cluster whose only
element is the the track consisting of this single measure-
mentis created. Finally independent MDA subproblems are
derived and each subproblem is solved applying the SGTS
algorithm [2].

Some parameters have been introduced in order to mea-
sure the relevant features of the mean child approach and
the resulting tracking accuracy.

Before describing in detail these parameters, some nota-
tion and terminology is introduced. Létbe the number
of measurements in the current frame artde number of
trees formed so far. Given a measuremenaind a track
z we writem — z if the measurement: correlates with
the trackz andm 225 2 if it does not. There are now all
ingredients to introduce the test parameters used. They are:

e Density of correlations Let S be the set of mean
track measurement pairs such that the measurement
correlates with the mean track of the tree. Formally
we define the sef as follows:

For any pair(m;, MT;) € S denote by; ; the num-
ber of tracks in the tred’; which correlate with the
measurementy; (note thatM T is the mean track of
T;) and byt; the number of tracks in the tr&g.

The parametety  is defined as:

Cj.i
iy

pwp = min{ = : (m;, MTj,) € S}

This parameter says which is the minimum possible
number of tracks in a tree which correlate with the
considered measurement, where the minimum is cal-e
culated over all mean track measurement pairs such
that the correlation test is fulfilled.

The parametet s p is defined as

_ i
upp = max{ >

:(my, MT}) € S}

This parameter says which is the maximum possible
number of tracks in a tree which correlate with the
considered measurement, where the maximum is cal-
culated over all mean track measurement pairs such
that the correlation test is fulfilled.

Ideally we would like both these two parameters to be
one. This would mean that whenever a measurement
correlates with the mean track of a tree, then it also
correlates with all the tracks of the tree. This would
imply that in the case when a mean track measurement
correlation test is fulfiled we can immediately cor-
relate the measurement with all the tracks in the tree
without performing the additional measurement track
correlation test for all tracks in the tree. Therefore our
proposal to use only mean child to make correlations
would be fully justified.

e Effectiveness of correlations Let S be the set of

mean track measurement pairs such that the measure-
ment does not correlate with the mean track of the tree,
but it correlates with at least one track in the tree. For-
mally

not

S ={(m;, MT;) :m; — MT;and3z € T, : m; — z}

However we want to distinguish between the case

when likely track measurement correlations have not

been created because of the failure of the preliminary

mean track measurement correlation test from the case
when only very poor track measurement correlations

have been discarded (this can be considered as a fur-
ther advantage of the mean child approach). In order

to do that we associate every pallT;, m;) in .S with

a weighted factotv (M T}, m;) defined as follows:

w(MTj,m;) = ch(z) rz € Tjandm; — z

wherep.(z) denotes the conditional likelihood of the
track z in the treeT; (see [4] for further details). The
parametef: g is defined as follows:

w(MT,m)

i |S] £ 0

LE = { Z(MT,m)eS )
0 if |S|=0

Ideally we would like that every time that the mean

track measurement correlation test is not fulfilled, no

track in the tree associated with the mean track corre-

lates with the measurement. In other words, we would

like the parametet g to be zero.

Redundancy of correlations DefineS as the set of
all mean track measurement pairs such that the mea-
surement correlates with the mean track, but it does



not correlate with any track of the associated tree. For- —
mally e
n
Sensor
S ={(MT;,m;) : m; —» MT; andeETj,mq;ELz} ‘/%I \XX\
X X
. . . . - > <> X
Mathematically speaking, the parameter is defined Wom Soom A 000
as
_ 18l T
MR = ok 500m 500 m
This parameter gives a measure of the roughness of the

mean child approach for deciding correlations. If the
value of the parameter is 0, it means that every time the
measurement correlates with the mean child of a tree,
it also correlates with at least one track in the tree.

Fig. 6: Simulated Scenario

e Correlation reduction factor (CRF). The purpose of
this parameter is to compare the number of track mea-
surement correlation tests performed using the mean
child approach described in [4] with the number of
track measurement correlation tests which would be
performed without using it. Consider the sgtof
mean track measurement pairs such that the mean
track correlates with the measurement. Formally we
define the set

Density

0.4
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Slice Number

Denoting byt; the number of tracks in the trdg and

by ¢+ the total number of tracks, i = >_; t;, Fig. 7: Density of correlations

we can formally define the parametéRF' as:
considered samples the parameters described in the previ-
CRF = t:tik = t:ot ous subsection are illustrated by means of Matlab graphics.
The graphic in fig.7 leads us to conclude that for the
All the parameters described in this subsection will bgsted scenarios at least half of the tracks in every tree cor-
evaluated on a special scenario described in the nexgfate with the measurement when the preliminary mean

subsection. track measurement correlation test is fulfilled. Furthermore
it turns out that at every sampling time there is at least one
4.2 Simulation results tree and one measurement such that the measurement ful-

'Es the preliminary correlation test with the mean track and

The simulated scenario consists of four groups of aircra ;
It en correlates with every track of the tree.

located in a three dimensional space. Each group cons
of three closely spaced aircrafts. All aircrafts fly at the same
height. In each group the initial distance along thexis
between an aircraft and the closest to it is 500 meters. All 00
aircrafts follow a straight trajectory with a constant veloc-
ity of 500 meters per second within the coverage area of the
radar sensor. The simulated radar sensor used has a maxi-
mum detection range of 100 km. The measurement noise is
set t00.03 km in range and t0.3 degrees in bearing and el-
evation. The process noise is sebtdz . A complete frame
of measurements is collected every 1.5 seconds and correla-
tions between the measurements in the frame and existing
tracks are attempted. A false alarm is generated at every
sampling time within the neighbourhood of one group of o
aircrafts. All the aircrafts will final converge to the same
final position. The picture 6 illustrates the described sce-
nario. Fig. 8: Attendability/Redundancy of Correlations
Twenty significative samples, each corresponding to an
instant time when the mean child approach is applied, haveThe graphic in fig.8 shows that only very few and poor
been extracted from the collected results. For each of ttnack measurement correlations would have been created in
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the case when the preliminary mean track measurement amrrelate with the mean track of the tree then it is also very
relation test is not fulfilled. Also it happens very few timesikely that such measurement does not correlate with any
that the preliminary mean track measurement correlatibkely track of the same tree (fig. 8). And conversely, if
test is positive and no track in the tree correlates with tlilee measurement correlates with the mean track of the tree,
measurement. More detailed tests have shown that this higen it will also correlate with many other tracks of the tree
pens only when the tree is very sparse, i.e it contains orffig. 7).

very few tracks (normally on the order of 2-5 tracks). Due
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