Comparison of fusion methods for multiple target
tracking

Mark Morelande
Dept. Electrical & Electronic Engineering
The University of Melbourne
Parkville, VIC, Australia
mrmore@unimelb.edu.au

Abstract — Fusion of data from multiple sensors for
the purposes of tracking multiple targets is considered.
Two methods of fusion are considered. The first uses all
measurements to perform tracking while the second adds
a clustering step which attempts to remove clutter prior
to tracking. Clustering is performed using a sequen-
tial Bayesian analysis and tracking is performed using
a Monte Carlo approximation to the multiple hypothesis
tracker (MHT). In performance analyses involving up
to 25 targets, tracking with all measurements performs
significantly better than tracking with the output of the
clustering algorithm.

1 Introduction

The goal of multi-target tracking is to recursively es-
timate the number of targets in a surveillance area and
their locations using a sequence of observations. In the
most common formulation of the problem the tracking
algorithm is provided, at each sampling instant, with
a set of locations at which targets are supposed to be.
Since the detection procedure is imperfect the locations
may correspond to non-target related phenomena, or
clutter, rather than targets. Further, there is usually no
information provided to distinguish measurements due
to different targets. There is therefore a measurement
origin uncertainty which can be optimally resolved only
by enumerating and evaluating all possible hypotheses
regarding the origins of the measurements. This opti-
mal approach, referred to as multiple hypothesis track-
ing (MHT), is not practical because the number of hy-
potheses increases exponentially as measurements are
acquired. A number of practical, approximate MHT
algorithms have been proposed [1, 2].

When measurements from multiple sensors are avail-
able, the optimal approach is to pass all measurements
from all sensors to the tracking algorithm. However, be-
cause of the approximations which are used in all practi-
cal tracking algorithms, this approach may not result in
the best performance in practice. It has been suggested
in [3, 4] that better performance may be achieved by ex-
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ploiting the different characteristics of target and clut-
ter measurements to remove clutter measurements prior
to tracking. The reduction in the number of clutter
measurements is achieved under the assumption that
measurements from a particular target will be similarly
positioned for all sensors while clutter measurements
will arise at different locations across the collection of
sensors. The use of a pre-processing step to remove
clutter in multiple sensor data is referred to as fuse-
before-track [3].

The aim of this paper is to analyse the value of the
fuse-before-track approach to multiple sensor multiple
target tracking. A Monte Carlo approximation to the
optimal MHT algorithm, similar to that of [5], is used
for tracking. Clutter reduction is approached as a clus-
tering problem which in turn is formulated as a mixture
estimation problem. A Bayesian framework is adopted
as it allows the incorporation of prior information ob-
tained from previous measurement scans. In this mix-
ture estimation problem the number of mixture compo-
nents is unknown and there is a potentially large num-
ber of outliers, i.e., measurements which do not belong
to any cluster. The former difficulty has been widely
considered in the literature [6] while the latter difficulty
appears to have received little attention. Bayesian mix-
ture estimation is commonly carried out using Monte
Carlo approaches which are plagued by the label switch-
ing problem wherein different samples from the poste-
rior may correspond to different permutations of the
component labels [7]. Here the label switching problem
is avoided by processing the measurements sequentially
using a model adapted from [8].

The paper is organised as follows. The MHT algo-
rithm is reviewed in Section 2 and a Monte Carlo ap-
proximation is developed. The Bayesian clustering al-
gorithm is given in Section 3. Section 4 contains the
performance comparison between tracking with all sen-
sor measurements and tracking only with the measure-
ments returned by the Bayesian clustering algorithm.



2 Multiple hypothesis tracking

In this section multiple hypothesis tracking (MHT)
is reviewed and its approximation using Monte Carlo
methods is described. The development assumes the
usual linear /Gaussian stochastic dynamic model for the
evolution and observation of the target states. The
measurements obtained from a collection of d sen-
sors at K sample times are arranged into Kd scans
such that the measurements of the kth scan are col-
lected at the ([(k — 1)/d] 4+ 1)th sample time. Let
r denote the unknown number of targets and x;; =
(@i ke, Yi ks Ti ks Yik) denote the state of the ith target
at the kth scan, where (z; x,y; k) is the target position
in Cartesian coordinates and the dot notation indicates
differentiation with respect to time. The target states
evolve independently according to

TiklTir—1 ~ N(Frer—1,Qy) (1)
where
1 T
F,— [ 0 1 } ® Iz, rem((k—1)/d) =0, )
14, otherwise,
T3/3 T?%/2 _
Q. - q[ 2/ T ® I, rem((k —1)/d) =0,
0 otherwise.
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(3)

where T is the sampling period. Note that target states
change values only every d scans when the sampling
instant is advanced by T'.

The sensors produce noisy measurements of the tar-
get positions in Cartesian coordinates as well as mea-
surements due to non-target related phenomena, or
clutter. Targets are detected with probability Pp
and the clutter measurements are uniformly distributed
with the number in a given area Poisson distributed
with density A. The measurements in the kth scan are
denoted by Yy, 1, - ., Yg m, Where my is the number of
measurements received. Let v4; = ¢ > 0 denote the
event that the jth measurement is due to the ith target
and v ; = 0 denote the event that this measurement
is due to clutter. Then, measurements are generated
independently as

1V, i =0,
Yl (@ir, vk =) ~ ¢ N(yg;; Hzix, R), (4)
1=1,...,n7,

where V is the area of the surveillance region, R is a
positive definite covariance matrix and H = [1 0] ®
Iy Let yy = [Yj1s - Yhm,) denote the vector of
measurements in the kth scan.

2.1 Review of MHT

A measurement origin hypothesis accounts for each
of the measurements in a scan. A valid measurement

origin hypothesis assigns at most one target to each
measurement and at most one measurement to each tar-
get. We represent a measurement origin hypothesis by a
vector vy = [V 1, .- -, Vkm,] Where vy ; € Z represents
the origin of the jth measurement. A sequence of such
hypotheses is written as v1.;. The MHT involves re-
cursively computing the posterior probabilities of each
valid hypothesis sequence and the posterior PDF of the
target states presumed to exist under each hypothesis
sequence.

Assume that the MHT has been applied to the
measurement sequence y;.,_; to give the posterior
probabilities P(v1.x—1|y;.x,—1) and conditional poste-
rior PDF's Wk—l\k—l,i('h/l:kfl) for i = 1, ceey 7’(1/1:]6,1),
where r(v1.;-1) is the number of targets presumed to
exist under vi.,—1. Given measurements y, it is de-
sired to calculate the posterior probabilities and con-
ditional posterior PDFs for each sequence vq.,. Fol-
lowing [2] it is assumed that new targets appear uni-
formly in the surveillance region and the number of
new targets is Poisson distributed with density 8. For
the hypothesis v, let ¢ denote the number of clutter
measurements, b the number of new targets and e the
number of existing targets detected. The set of indices
of measurements due to existing targets is denoted as
D ={j:uv,; €{1,...,r}}. The dependence of these
quantities on the current hypothesis vy has been omit-
ted for brevity. The dependence of the number of ex-
isting targets on v1.5—1 is also omitted in the following
expressions. The posterior probability of vq.j is

Pwiklyin) < o) PWin—1ly14—1)  (5)

where the multiplicative update is

Pp N b
D A
2] o
X I I /l/}k,vk,j (yk,j) (6)

j€D

Tk(V1k) = (1= Pp)" [

The prior measurement PDF is given by
Yri(y) = /N(y;Hm,R)Wk\k—l,i(mh/lckq) dr (7)

where 7y ,_1,;(:|V1:x—1) is the prior target state PDF.
The prior measurement and target state PDFs can
be calculated in closed-form for the linear/Gaussian
stochastic dynamic system used here. It remains to
calculate the conditional posterior PDFs. If the i¢th ex-
isting target is assigned to the jth measurement then

Tilk,i (V1) o N(yy 5 He, R)Tg 1,4 (x|V1:6-1)
(8)
If the ith existing target is not assigned to a measure-
ment under vy then 7y ; (Z|V1:k) = Trpp—1,:(®|V1:0-1).
In an exact MHT implementation the expressions
(6) and (8) are evaluated for all valid hypotheses



vy branching from each existing hypothesis vi.;_1.
The process is then repeated for the measurements
Yri1> Yo, - Lhis procedure cannot be performed
in practice because the number of valid hypotheses in-
creases exponentially with each new collection of sensor
measurements. Many techniques, such as hypothesis
pruning, track clustering and hypothesis merging, have
been proposed to address this problem [1, 2].

2.2 Monte Carlo MHT

It is proposed to approximate the posterior hypoth-
esis probabilities by a Monte Carlo procedure in which
measurement origin hypotheses are drawn from an im-
portance distribution and assigned appropriate weights.
This approximation is referred to as Monte Carlo MHT
(MC-MHT). Let v{, ~ Q(|ly1x), a = 1,...,n de-
note the samples of k-length association hypotheses
drawn from the importance distribution ). The sample
weights are computed as

wyy = Cr, P(V.k|y1.)/Q(VTk|Y1k) 9)

where Cj, is such that the weights sum to one. The
posterior probabilities are approximated by

P(viklyr) = Z wy.-

{aw§, =vi}

(10)

A sequential procedure is obtained by choosing the im-
portance distribution to factorise as [9]

QWiklyrx) = Q(Vk|’/1:k71ayl:k)Q(V1:k71|y1:k7%) )
11

Then, v{, = [V{.,_,,v}] where

VZ ~ Q('|V(11:k—15y1:k) (12)
and the weights are computed sequentially as
wy = By, wz—lTk(V(ll:k)/Q(Vz|'/(11:k—1vy1:k) (13)

where Bj is a normalising constant. Repeated appli-
cation of (12) and (13) will eventually lead to sample
degeneracy. This can be avoided by performing resam-
pling [10]. Resampling can be formulated as the draw-
ing of an auxiliary variable, the sample index, in addi-
tion to the measurement origin hypothesis. Thus, for
a=1,...,n,s*€{l,...,n}, we draw

(Vi s") ~ O3 QWilvTi_1: Yrn—1) (14)

where " 9% = 1, and calculate the weight
wf = Bewilyme(vie) /95 QAo yii) (1)

where v¢, = [v$,, |, v%]. The sampled auxiliary vari-
ables s', ..., s™ are discarded.

Under some regularity conditions the importance
sampling approximations of the posterior hypothesis

probabilities become exact as the sample size n — oo.
However, for a finite sample size the importance distri-
bution has a great influence on the accuracy of the ap-
proximation. Ideally, measurements would be assigned
based on joint association probabilities. However the
practical impossibility of calculating these probabili-
ties is the reason sampling is necessary at all. It is
proposed to instead associate the individual measure-
ments sequentially. Let r® denote the number of tar-
gets presumed to existed under v, _;. Then, sampling

conditional on v$, ;, we have v ; € {0,...,7° + 1}
where vy, ; = 0 assigns the jth measurement to clutter,
vp; =1 € {1,...,7°} assigns the jth measurement to

the ith existing target and v ; = r® +1 means that the
jth measurement is due to a new target. The proposed
importance density is

k= Wi (16)
my
QWrlvin—1,Yr) = H Pik,j,j (17)
j=1
where p? ; = of ; /u? with
1, i=0
O‘ij = PDwZ,i(yk,j)/[)‘(l_PD)]a i=1,...,77%
B/, i=r5 41,
(18)
ui =y o (19)
iEAS

In (18), 45 ;(-) is the prior measurement PDF of (7)
conditional on vig_ 1. The set A7 C {0,...,7° + 1}
contains the possible values of the jth association hy-
pothesis. It is given by A5 = {0,...,7°* + 1} and
A=A \({L,...,r°} 0 {vgj1}) for j =2,...,my.
The weights for the importance density of (16)-(17) are

a Mk a
wi =B, (1= Pp)" []u (20)
j=1

A draw from (17) is made by sampling an associa-
tion hypothesis for each measurement in turn. As
seen in (18), the sampling probabilities for an associa-
tion hypothesis are determined by strengths of associa-
tion between the measurement and each possible origin
hypothesis, without taking into account neighbouring
measurements. The bias which results from sampling
association hypotheses singly rather than jointly is ac-
counted for in the weight calculation of (20).

An important characteristic of the sampling proce-
dure of (17) is demonstrated in an example with two
existing targets and two measurements. The associa-
tion strengths, defined in (18), are listed in Table 1.

It is desirable for the importance sampling proba-
bilities to match the posterior hypothesis probabilities
as closely as possible since this reduces the variance



Table 1: Association strengths for the importance sam-
pling example.

Measurement 1  Measurement 2

Clutter 1 1

Target 1 100 100

Target 2 5 0.1
New target 1 1

of the importance weights and therefore the variance
of the importance sampling approximation [11]. The
posterior probabilities and importance sampling prob-
abilities for the 14 valid joint hypotheses arising from
the scenario of Table 1 are plotted in Figure 1. Two im-
portance distributions are considered. The first impor-
tance distribution (; samples an association for mea-
surement 1 and then for measurement 2. The order in
which associations are sampled is reversed for the sec-
ond importance distribution (J2. It can be seen that
()2 is much closer to the posterior probability distribu-
tion than @);. Consequently, the importance sampling
approximation to the posterior probabilities obtained
using Q5 is much more accurate than that obtained us-
ing )1: the approximation variance using @2 is about
1/10 of that obtained using Q;.
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Figure 1: Posterior (——) and importance sampling
probabilities (——— for Q; and —-— for @) for the

joint association hypotheses of the example of Table 1.

The example of Table 1 demonstrates the dependence
of performance on the order in which associations are
sampled. In this simple example it would be possible to
determine which of the two orderings is preferred. How-
ever, to do so would require a computational expense
similar to that of the association problem we are trying
to solve. Two methods have been explored for address-
ing the order-dependent performance of the sampling
scheme. First, a random ordering of measurements, in-
dependently generated for each sample, can be used. In
the example of Table 1 this results in an approximation
variance which is about 1/11 of that obtained using

Q1. Interestingly, for this example randomly selected
orders do better than either of the fixed orders. In the
second method associations for clusters of neighbouring
measurements are sampled jointly. The approximation
variance for joint association sampling is about 1/20
of that for Q1. The first method, random measurement
permutations, is often effective and can be implemented
with little additional computational cost. The second
method is also effective but entails a significant compu-
tational expense and can really only be applied to small
clusters of measurements. Although these methods can
be used together, i.e., joint sampling with random or-
dering, in this paper single associations are sampled in
arandom order. A detailed analysis of the performance
improvements offered by joint sampling and random or-
dering is given in [12].

2.3 Discussion

The collection of hypotheses evaluated by the MC-
MHT must be summarised to provide a useful output.
Here, the output of the MC-MHT are the tracks in the
most probable hypothesis which have more than a cer-
tain number of detections in their association history.
The threshold on the number detections required for
output of a track can be used to control the number of
false tracks. Despite its simplicity this method seems
to perform better than more sophisticated alternatives.

In approximate MHT implementations it is not un-
common for an erroneous track to become attached to
an otherwise good hypothesis. A means of identifying
such tracks, so that they may be removed, is required.
This can be done checking that a track’s recent detec-
tion history is compatible with that expected of a target
track. In particular, let d denote the number of detec-
tions received by a particular track over a trajectory of
length h. Then, the track is declared false, and removed
from all hypotheses in which it appears, if

B(d;h, Pp) < A (21)

where B(+;n, p) is the cumulative distribution function
of a binomial random variable with parameters n € N
and p € [0,1] and A is a pre-defined threshold. Usually,
the threshold A is quite small, say 1073,

3 Clutter reduction using mea-
surement clustering

The availability of measurements from multiple sen-
sors presents the opportunity of reducing clutter by
adding a clustering step prior to tracking. The basic
idea is that target-originated measurements form rea-
sonably tight clusters across the sensor collection while
clutter measurements are distributed uniformly. The
clustering problem is formulated as a mixture estima-
tion problem and a Bayesian solution is developed.

Assume that m measurements y,,...,y,, are ob-
tained from a collection of sensors at a given sampling



instant. Each measurement can be assigned to a clus-
ter or deemed to be an outlier. Assume that there
are at most g clusters and let (; € {0,...,G} denote
the label assigned to the tth measurement. The mix-
ture is characterised by the weights w = [wo, ..., wq]’,
>i_owi = 1, and locations gy, ..., s The mixture
parameters are collected into the vector 8 with prior
PDF my. The label assignments and measurements sat-
isfy

P(gt = Z) = Ww;
(,10.C = ) = {

(22)
1/V, i=0
’ . ’ _ (23
N(yt7/1’7,aR)a ZZI)"'vQ) ( )
where V is the area of the region of interest and R
is a known covariance matrix. Note that wg is the
weight assigned to the outliers. The clustering prob-
lem amounts to estimating the labels (y, ..., n.

3.1 Sequential Bayesian clustering

The mixture estimation problem is complicated by
identifiability issues. In particular, the value of the like-
lihood is unchanged when the labels assigned to each
component are permuted. This lack of identifiability
causes difficulties when performing inference. An ex-
ample of this is the occurrence of label switching in
sampled-based Bayesian approaches [7, 13]. A sequen-
tial formulation of the mixture estimation problem can
enforce identifiability by constraining the mixture com-
ponents to appear gradually in the measurement record.
Let q:—1 denote the number of unique mixture com-
ponents assigned for a sequence (q.;—1 of label assign-
ments. For i > 0, ¢;—1 < g, the label probability (22)
is replaced by [8]

Wy, i:()a"-vqtflv
q
P(G =ilCit—1) = Z wj, ©=¢q-1+1,
J=aqs—1+1
07 iZQt—1+2,---7q
(24)

If qi—1 = (jthen P(gt = Z.Kl:tfl) = Ww; fori = 1, ey q If
the prior PDF for the mixture parameters is permuta-
tion invariant (24) produces a sequential model which is
equivalent to the batch model (22), in a sense described
n [14]. More generally, if the prior is not permutation
invariant, ¢;—1 in (24) should be the sum of the num-
ber of permutation variant components in the prior and
the number of permutation invariant components which
have been assigned under (y.¢—1.

It is assumed that the weights are known and only the
component means fiq, ..., i, need to be estimated. In
the context of multiple sensor tracking this amounts to
assuming that the clutter density and detection proba-
bility are known. The extension to the case of unknown
weights can be handled by placing a Dirichlet prior on

the weights. The prior PDF is, for ¢o < g,

q0 q
WO(e):HN(Hi;/li,Ovzi,O) H N (g3 frg, Xo)

i=1 i=qo+1

Our aim is to compute the posterior PDF of the
parameter @ and label sequence (3.; sequentially for
t = 1,2,.... Assume after processing the first t — 1
measurements that, for each valid (1.;_1, we have

710, Cree—1) = Y(Cree—1)
q
X HN(”%; £ (Cre—1), Zi(Crie—1))  (25)
i=1
In (25), ¥(C1:4—1) is the posterior probability of (.t—1

and fu,(¢r:¢—1) and Xy (¢r:4—1) are the posterior mean
and covariance matrix for the location of the kth mix-
ture component conditional on (1.;—1. We consider a
particular label sequence (7.:—1 and compute the poste-
rior PDF of @ and (1.4 = [(1:4-1,¢] fori =0,...,q—1+1.
Since the history (y.;—1 is held constant it is omitted
from the notation. Using Bayes’ rule and (23), (24)
and (25) the posterior PDF can be found as

q
(6, G = ) o< (i H (pis (1), B (2)) - (26)
where, for : =0,...,q¢—1 + 1, k=1,...,q,
’Y’U}Q/V, 1 :Oa
~() ’YWiN(yt;[li,Ei+R), i:17"'7qt—1a
() = q
Yy wi N(ys o Bi + R)i = g1 + 1,
k=i
(27)
(1) = fu, + 65— Gr(y, — i), (28)
(i) = B — 65— G, (29)

where ), is Kronecker’s delta and Gy, = (2, +R) !
The quantity ¥(4) is the un-normalised posterior prob-
ability of the label sequence [(1:t—1,4] and fi,(i) and
3k (i) are the posterior mean and covariance matrix for
the location of the kth mixture component conditional
on [Ci:—1,1).

Since the number of valid label sequences (y.; in-
creases exponentially with ¢ the number of label se-
quences must be managed by, for example, pruning of
unlikely label sequences and/or merging of similar label
sequences. The former scheme is adopted here.

Equivalent measurements are obtained by using
the clusters identified by the most probable label
sequence. Let (j.,, denote the most probable la-
bel sequence. Then, the candidates for equivalent
measurements are the estimated component means
Py (Cim)s - - -5 Brg(er. y(Clim)- Before being accepted as
equivalent measurements steps are performed to recog-
nise closely spaced targets merged into a single com-
ponent and remove components which are not due to



targets. Merging of closely spaced targets is identi-
fied by checking the number of measurements assigned
to each component. If this number is larger than the
number that can be expected to be assigned to a com-
ponent then the component is subjected to a splitting
step. This involves applying the mixture estimation
algorithm to the measurements assigned to the compo-
nent. A check of the number of measurements assigned
is also used to remove false components, i.e., mixture
components which have been assigned outliers. In par-
ticular only mixture components which have been as-
signed at least a certain number of measurements are
output as equivalent measurements. The required num-
ber of assigned measurements can be determined from
the number of sensors and the detection probability.

3.2 Application to target tracking

The application of the clustering algorithm to multi-
ple sensor multiple target tracking is demonstrated in
an example involving 10 targets moving in a 150 x 150
region. There are d = 6 sensors which observe the tar-
gets at intervals of 0.5s for 50s. The detection probabil-
ity is Pp = 0.9 and the clutter density is A = 3 x 10~%.
The result of applying the MC-MHT to the output of
the clustering algorithm is shown in Figure 2. In this
plot the black dots are the sensor measurements and
the red dots are the equivalent measurements provided
by the clustering algorithm. The vast majority of the
clutter measurements have been removed while many
measurements close to the blue target trajectories re-
main. As a result the tracking results, shown by the
green dashed lines, are good. A more thorough perfor-
mance analysis is presented in the following section.

y—position

0 50 100 150
X—position

Figure 2: Tracking of 10 targets in clutter with density
3 x 1074, The black dots are sensor detections and the
red dots are the equivalent sensor detections produced
by the clustering algorithm. The blue solid lines are
true target trajectories and the green dashed lines are
the estimated target trajectories.

4 Performance analysis

We consider a scenario in which the initial target po-
sitions are uniformly distributed over a 150m square re-
gion. Each target moves with a constant velocity which
is drawn from a uniform distribution such that the tar-
get remains in the surveillance region throughout the
observation interval. The targets are observed for 50s
with measurements generated every 0.5s so that 100
measurement scans are generated by each sensor. The
target detection probability is Pp = 0.9 and the mea-
surement noise has covariance matrix R = 16I5. The
number of targets, number of sensors and clutter den-
sity are varied between experiments.

Two algorithms are considered in the performance
analysis. The first is the MC-MHT with the full col-
lection of measurements. The second algorithm is the
MC-MHT with the equivalent measurements produced
by the Bayesian clustering algorithm of Section 3. We
refer to the former as the full MC-MHT (FMC-MHT)
and the latter as the clustered MC-MHT (CMC-MHT).
Use of the CMC-MHT requires the selection of suit-
able values for the effective detection probability, clut-
ter density and measurement noise covariance matrix.
The effective detection probability and clutter density
are taken from a performance analysis, not show here,
of the clustering algorithm. The effective measurement
noise covariance matrix is taken as 3R/d where d is the
number of sensors and R is the single sensor measure-
ment noise covariance matrix.

Three measures of algorithm performance are used:
the mean number of targets in track over the first 30
sampling instants, the mean number of targets in track
over the remainder of the surveillance period and the
RMS position error of targets in track. The perfor-
mance statistics are collected under a constraint on the
mean number of false tracks, controlled by varying the
number of detections required for a track to be con-
firmed. The mean number of false tracks for each scan
is constrained to be at most 1/50.

In the first set of experiments there are » = 10 tar-
gets and analyses are performed for clutter densities of
A =10"*and 3x10~* with d = 4, 6 and 8 sensors. Both
algorithms are implemented with a sample size of 200.
The CMC-MHT uses a maximum of 100 hypothesised
label sequences for clustering. The results, obtained by
averaging over 100 realisations, are shown in Tables 2
and 3 for clutter densities of 10~* and 3 x 10™%, respec-
tively. Each Monte Carlo realisation involves randomly
generating both the tracking scenario, i.e., initial target
positions and target velocities, and the sensor measure-
ments. It is clear that clustering to produce equivalent
measurements prior to tracking, i.e., fuse-before-track,
provides no performance benefits in the scenarios con-
sidered here. As expected, the performances of both
algorithms are worse for the higher clutter density. The
drop in performance is more severe for the CMC-MHT



than for the FMC-MHT suggesting that tracking with
clustered measurements is less robust to increases in the
amount of clutter than tracking with all sensor mea-
surements.

The outcomes obtained here are inconsistent with the
comments in [3, 4] regarding the superiority of fuse-
before-track. It should be noted that the FMC-MHT
performs very well here, even with a moderate sam-
ple size, so there is little room for improvement any-
way. Even so, the relatively poor performance of the
CMC-MHT is worth discussing. The CMC-MHT uses
equivalent measurements generated from a clustering
algorithm. Typically, clustering algorithms have dif-
ficulty distinguishing closely spaced clusters. In the
multi-sensor tracking context, this means that the as-
sumed detection probability and clutter density are of-
ten incorrect in areas surrounding dense target configu-
rations. The latter anomaly is particularly detrimental
when the assumed clutter density is very low, as it is
here. Then, two consecutive over-estimates of the num-
ber of clusters in a group of closely spaced clusters are
sufficient for a false track to become strongly estab-
lished.

Table 2: Tracking results for r = 10 targets, Pp = 0.9
and )\ = 10~%

Number gy \HT  CMC-MHT
of sensors
4 95.7 94.1
Start true tracks (%) 6 97.2 95.5
8 98.4 95.8
4 99.9 98.7
Mean true tracks (%) 6 99.9 99.7
8 99.9 99.9
4 1.26 1.48
RMS position error 6 1.07 1.26
8 0.97 1.16

Table 3: Tracking results for r = 10 targets, Pp = 0.9
and A =3 x 10~

Number

FMC-MHT CMC-MHT
of sensors
4 91.3 84.8
Start true tracks (%) 6 93.9 88.0
8 95.3 89.2
4 99.9 98.8
Mean true tracks (%) 6 99.9 99.7
8 99.9 99.7
4 1.38 1.67
RMS position error 6 1.16 1.38
8 1.03 1.26

In the second set of experiments the number of tar-
gets is increased to r = 25. The results of the simulation
analysis are shown in Tables 4 and 5 for clutter densi-
ties of 10™% and 3 x 1074, respectively. It is of interest
to compare these results with those shown in Tables
2 and 3 for r = 10 targets. Both algorithms perform
worse for r = 25 targets than for » = 10 targets, partic-

ularly in the initiation of new tracks. This is because
the increased incidence of false tracks for r = 25 re-
quires an increase in the number of detections required
for confirmation of a track as a target. For A = 1074,
the performance deterioration from r = 10 to r = 25
is significantly greater for the CMC-MHT than for the
FMC-MHT. For A\ = 3 x10™%, both algorithms degrade
similarly in their ability to quickly initiate target tracks
as r increases from 10 to 25. The FMC-MHT is more
robust than the CMC-MHT in the other aspects of per-
formance. Thus, in the examples considered here, an
increase in the severity of the scenario, due to either
an increase in the number of targets or in the clutter
density, has a greater adverse affect on the CMC-MHT
than the FMC-MHT.

Table 4: Tracking results for r = 25 targets, Pp = 0.9
and A\ = 10~%

Number = pyio MHT  CMO-MHT
of sensors
4 91.2 84.7
Start true tracks (%) 6 94.1 85.0
8 95.7 85.3
4 99.9 94.7
Mean true tracks (%) 6 99.9 98.3
8 99.9 99.0
4 1.57 2.20
RMS position error 6 1.37 1.82
8 1.23 1.69

Table 5: Tracking results for r = 25 targets, Pp = 0.9
and A =3 x 10~%,

Number

FMC-MHT CMC-MHT
of sensors
4 74.2 69.9
Start true tracks (%) 6 83.9 76.9
8 86.9 78.5
4 99.4 94.0
Mean true tracks (%) 6 99.7 97.6
8 99.7 98.2
4 1.94 2.48
RMS position error 6 1.68 2.10
8 1.46 1.90

5 Conclusions

Multiple target tracking by fusing data from multi-
ple sensors was considered. Two approaches to multi-
ple sensor fusion were examined. In the first approach
all measurements from all sensors are provided to the
tracking algorithm. In the second approach, tracking
is performed with the output of a clustering algorithm
applied to the sensor measurements. This is known
as fuse-before-track (FBT). The aim of FBT is to re-
move clutter measurements prior to tracking. A novel
clustering algorithm was developed using a sequential
Bayesian formulation. Tracking was performed using a
Monte Carlo approximation to the multiple hypothesis
tracker (MHT).



It has been suggested in the literature that FBT can
outperform tracking with all measurements, particu-
larly if a large number of sensors is available. This was
not observed in the performance analysis conducted in
this report in examples with up to eight sensors. Track-
ing with all measurements was significantly better than
FBT in all aspects of performance in several scenarios
with different target and clutter densities. The rela-
tively poor performance of FBT can be traced to an
increase in the number of both missed and false detec-
tions when targets are in close proximity.

At least two objections could be raised to the con-
clusions made here. First, it may be argued that FBT
will be most beneficial in scenarios which are more de-
manding than those considered here i.e., higher clutter
and/or target density. In such situations, implemen-
tation of the MHT necessarily becomes more approx-
imate. However, these situations are notoriously de-
manding for clustering algorithms also. The simulation
results presented here suggest that the performance of a
clustering algorithm will deteriorate more sharply than
that of a tracking algorithm as clutter or target den-
sity increases. A second objection is that the perfor-
mance of FBT could be improved by the use of a better
clustering algorithm than that proposed here. A sur-
vey of the literature, however, suggests that no existing
clustering algorithm is able to reliably estimate closely
spaced clusters, each containing only a few points, in
the presence of a large number of outliers.

There are a number of possible extensions of this
work. It was assumed here that all sensors produce
measurements of target positions in Cartesian coordi-
nates. It would be interesting to extend the FBT idea
to cases where sensors produce different types of mea-
surements, or even just position measurements in dif-
ferent coordinate systems. FBT, as it is currently used,
requires a collection of equivalent measurements from
the clustering algorithm. For a Bayesian clustering al-
gorithm, this means that the collection of weighted hy-
potheses which constitute the posterior density must
be summarised. At present this is done by simply se-
lecting the hypothesis with the highest weight. This
is almost certainly not the most accurate summary of
the Bayesian mixture analysis. An approach to FBT
which uses the entire posterior density, something akin
to a probabilistic sensor collection, would be desirable.
Finally, here it has been assumed that the sensors are
registered. In practice, perfect registration cannot be
assumed and this should be accounted for when per-
forming fusion of measurements from different sensors.
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