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Abstract—Tracking multiple targets in a cluttered environment
is a challenging task. Probabilistic multiple hypothesis tracking
(PMHT) is an efficient approach for dealing with it. Essen-
tially, PMHT is based on expectation-maximization for handling
association conflicts. Linearity in the number of targets and
measurements is the main motivation for a further development
and extension of this methodology. However, as PMHT is a
target-oriented approach, it requires the number of targets in the
surveillance area to be a priori known. Furthermore it assumes
that all tracks are true tracks. Of course, this demand cannot
be met in a realistic scenario and drastically limits the usage of
PMHT in practical applications. To achieve a complete solution
for automatic multiple target tracking in clutter, the PMHT
framework has to be supplemented by a track management
system (TMS). In this paper, we address the most important
issues of a TMS. Thereby we focus in particular on the problem
of track deletion. For this purpose, we consider two likelihood-
ratio (LR) approximations that can be calculated as a by-product
of the PMHT iteration process. The first one is a Generalized LR
approach and the second one is based on synthetic measurements.
Both approaches are evaluated in combination with the well-
known Page test and the Shiryaev test, and are compared with
a particle filter approximation.
Keywords: Probabilistic Multiple Hypothesis Tracking
(PMHT), Track Management, Track Deletion, Likelihood-
Ratio Test, Shiryaev Test, Page Test, Gaussian Mixture
Probabilistic Hypothesis Density Filter

I. INTRODUCTION

PMHT is a computationally efficient algorithm because its
memory wastage is linear in all parameters (number of mea-
surements, number of targets and batch length). However, it is
a target oriented approach, and a fundamental characteristic of
this algorithm is that the number of targets in the surveillance
area must be a priori known and furthermore, that all tracks do
truly exist. This requirement is impossible to fulfil in almost
every realistic scenario. In real world applications, new targets
appear from time to time in the field of view. They have to
be recognized as a target and their initial kinematic states
have to be estimated. In the same way, a target can leave
the surveillance area and has to be removed from the list of
established tracks. Furthermore there is the possibility that two
or more targets come very close to each other (e.g., a flight
formation) and become unresolvable so that their tracks have
to be merged to one single track representing the group. If the
group splits up, this event has to be detected and new child

tracks have to be spawned from the ancestor track. In all these
cases the number of targets has to be adjusted and there have to
be available kinematic state estimates for them at every time.
As the structure of PMHT does not provide an estimation of
the number of targets and a management of their tracks, its
usability in practical applications has been drastically limited
so far.

There are several components to a track-management sys-
tem (TMS). First, tracks must be initiated. Generally this
means finding sequences of measurements that “make sense”
(or “gate”) together; of course it must be allowed that in-
tervening detections sometimes are missed. Naturally, there
will be some sequences that are initiated but are false – if
the track initiation procedure is so phlegmatic that it does
not occasionally become over-excited, then true tracks will be
missed. Assuming this to be the case, we judge the first round
of initiated tracks to be “tentative”, with a further promotion
of some of these to “confirmed” tracks and others to deletion.
Track management is also responsible for deletion even of
confirmed tracks when they become too faint, go out of range,
or simply disappear. Finally, track management performs the
custodial duties of removing duplicate (or merged) tracks, and
of allowing extant tracks to spawn others – this last event may
include weapon launch.

In figure 1 we present the concept of our TMS that in-
cludes all important components. When a new measurement
set provided by a sensor (suite) arrives at the system the
measurements are first used to update the established tracks.
These are the tracks that have already been identified as a
target (I.1.). Then all target tracks are tested to check whether
the tracked target is still existing (I.2). Targets that do not exist
anymore have to be deleted from the TMS. Measurements that
belong to the established tracks have to be removed from their
measurement set ”after usage” (I.3). We call this first stage of
the TMS the PMHT Main Tracker . The second stage of the
system is called the PMHT Candidate Tracker . This part of
the system has to process the residual measurements from the
Main Tracker. Analogously to the Main Tracker we first use
the residuals to update the candidate tracks. These are tentative
tracks that have not been confirmed yet. After the candidate
update. As a result a candidate can either be promoted (II.2.P)
to become an established track or deleted because it was
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only a false track (suitable combination of clutter) (II.2.D)
or it just stays a candidate because a decision cannot be
made yet (II.2.M). Hereupon, like in the Main Tracker, the
measurements that belong to candidates are removed from the
measurement set (II.3). The remaining measurements are given
to a Gaussian-mixture probability hypothesis density filter
which is a powerful tool to remove measurement combinations
that do not ”make sense” (Clutter Remover ). Note that in the
merge step one also has to compare the GMPHD tracks with
the target tracks and candidate tracks from I. and II. The
extraction step delivers potential track ”seeds” that are given
to the PMHT candidate tracker. With the arrival of a new
measurement set the whole process starts again.

Figure 1. Concept of the track management system

There has been some previous work on track initiation and
management with the PMHT, that will be briefly sketched in
the following. Luginbuhl et al., in [13], begin tracks using
the Radon transform – the continuous version of the Hough
transform – to find straight lines amongst strings of detections.
The assumption here is that targets that are essentially non-
maneuvering are the only ones that can realistically be rec-
ognized prior to tracking. This work has been continued with
Hempel in the sonar context [12], where the zero-process-
noise assumption is quite tenable. Hempel has developed
a Page-procedure for Hough “bins”: when a Hough-space

bin finds that it has recently received more than a certain
number of detections, a track on that heading will be initiated.
Davey [8], [9] uses “hysteresis,” a hidden Markov model on
target existence that communicates target-number information
through the prior association probabilities (the π’s), and [15]
has also developed a similar model.

In this paper we particularly consider quality tests for the
purpose of track deletion (section III). In section IV we
also report on track extraction. We use the Gaussian-mixture
probability hypothesis density – the GMPHD, primarily the
work of Mahler [14] and of Vo [22], also described in [20]
– filter for that, since the GMPHD is specifically designed to
accumulate information to answer the question: “What is the
probability of there being a target at these coordinates?”. In
section V we briefly address the problem of identifying the
residual measurements. And section VI provides a summary.

II. NOTATIONS AND FUNDAMENTALS

The considered tracking scenario is defined as follows: a
sensor observes S point targets in its field of view (FoV). We
denote the area of the FoV as |FoV|. The sensor generates
measurements Z = Z1:T = {zt, Nt}T

t=1 for a time interval
[1 : T ]1. The sensor output at a scan t not only consists
of the set of measurements zt but also of the number of
measurements Nt. Thus we model measured data as a pair
{zt, Nt}. Measurements zn

t ∈ R
2 with n ∈ [1 : Nt] are

assumed to be Cartesian position data. The task of tracking
consists in estimating the kinematic states X = X1:T of the
observed targets. The states xs

t ∈ R
4 with s ∈ [1 : S] comprise

position and velocity. Each target moves according to the
discrete-linear model (1)-(2)

xs
t+1 = Fxs

t + vs
t (1)

yan
t

t = Hxs
t + ws

t (2)

with random sequences {vs
t ,w

s
t} that are assumed to be

white, zero-mean, Gaussian, and mutually independent, with
E{vs

t,v
s T
t } = Q and E{ws

t,w
s T
t } = R ∀s, t. F is the

evolution matrix and H is the measurement matrix. Difficulties
arise from unknown associations A = A1:T = {at}T

t=1 of
measurements to targets. The associations are modeled as
random variables at = {an

t }Nt
n=1 that map each measurement

n ∈ [1 : Nt] to one of the targets s ∈ [0 : S] by assigning
an

t = s. Expression (2) is the observation. Hence, it is

zn
t = yan

t
t . (3)

The target s = 0 is a spurious planar target that represents
clutter [11] and corresponds to the FoV.

The incoming measurements can be associated with the
constructed and successively updated tracks in many ways.
Therefore the solution of the association problem is the central
task of every multiple target tracking algorithm. The traditional
approaches to multiple hypothesis tracking rely on the com-
plete enumeration of all possible association interpretations of

1[1 : T ] denotes the integral interval from 1 up to T
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a series of measurements and avoid an exponential growth of
the arising hypothesis trees by various approximations (MHT:
multiple hypothesis tracking [4], [5], (J)PDAF: (Joint) Prob-
abilistic Data Association Filter [1]). A powerful, alternative
approach is represented by probabilistic multiple hypothesis
tracking (PMHT) [17], [18], [24]–[26], which is described in
the following section.

PMHT works on a sliding data window (also called batch),
and exploits the information of previous and following scans
in each of its kinematic state estimates. For each window posi-
tion, PMHT applies the method of expectation-maximization
(EM) [10], [19] to the underlying data. EM is an iterative
method for localizing posterior modes. Mathematically ex-
pressed, the optimization problem arg maxX p(X|Z) is to be
solved, which is done as follows:

At each iteration, EM first calculates posterior weights
p(A|Z,X l). The posterior weights define an optimal lower
bound

Q(X ;X l) = log p(X )+
∑
A

log(p(A,Z|X )) p(A|Z,X l) (4)

of p(X|Z) at the current guess X l whereas l is the iteration
index. As Q(X ;X l) is expressed as an expectation, this
first step is called expectation-step (E-Step). In the following
maximization-step (M-Step), EM maximizes the bound with
respect to the free variable X , which leads to improved
estimates X (l+1). The new estimates control the lower bound
of the following E-Step. E-Step and M-Step are repeated until
the estimates converge. How the M-Step is done depends of
course on the application. PMHT is the application of EM to
the tracking problem. It results in estimates xs

t for each target
s ∈ [1 : S] at each time t ∈ [1 : T ]. Covariance matrices Ps

t

occur as a by-product. They cannot be proven to be the error
covariance matrices of the point estimates xs

t , but nevertheless
have a useful role.

Using the language of EM the unknown associations A of
measurements to targets are the so called Hidden Variables.
For certain associations A, measurements Z and kinematic
state estimates X we obtain

p(Z,X ,A) =
S∏

s=1

p(xs
1)

T∏
t=2

S∏
s=1

p(xs
t |xs

t−1) (5)

×
T∏

t=1

Nt∏
n=1

π
nan

t
t N (zn

t ;Hxan
t

t|t−1,R
n
t ), (6)

whereas the expression N (y;μ,Σ) denotes the multivariate
Gaussian density with random variable y, expected value
μ and covariance Σ. Starting from (5)-(6) the following
algorithm can be derived:

1) Expectation: Calculate the posterior assignment proba-
bilities that a measurement n at scan t refers to target s
according to

wlns
t =

πns
t N (zn

t ;Hxls
t ,R)

S∑
s′=1

πns′
t N (zn

t ;Hxls′
t ,R)

, (7)

whereas πns
t is the prior probability p(an

t = s). The
weights are calculated for all scans of the current win-
dow position. They are based on the measurements zn

t

and the state estimations xls
t .

2) Form synthetic measurements and corresponding covari-
ances according to

z̄ls
t =

Nt∑
n=1

wlns
t zn

t

Nt∑
n=1

wlns
t

R̄ls
t =

R
Nt∑

n=1
wlns

t

(8)

3) Maximization: Update the track by means of a Kalman
Smoother that processes the synthetic values. This leads
to new, improved state estimates x(l+1)s

1:T .

III. TRACK DELETION

In this paper we are particularly interested in the problem
of track deletion. This is a “quickest detection” problem: one
hypothesis (that the track exists) is assumed to be true, and the
procedure – Page’s cusum procedure is optimal in many ways
[3], [16] – continually tests for a change in distribution to some
other hypothesis (for us, that the detections are all clutter). The
Page procedure will be reported shortly. It consists of iterated
comparison of the cumulative log-likelihood ratio (cusum) – or
some suitable statistic – to a single threshold. If that threshold
is reached, then a statistical change is declared; otherwise
if the cusum drops below zero it is reset to zero, with the
test essentially beginning anew. It is necessary that the test
is “closed”: that the expected value of the cusum update is
negative and positive respectively before and after the change.

In general the likelihood ratio test statistic has a complicated
probability distribution, because it depends on the unknown
model parameters that are too difficult to integrate out. Also,
in our considered tracking scenario it is impossible to give
an exact analytic expression for LR(t) at each scan t. In the
following, we present two approximative approaches that can
be easily integrated into the PMHT framework. The first one is
a so-called generalized likelihood ratio test and the second one
is an approximation based on the synthetic measurements that
are calculated by means of the PMHT assignment weights.
In the third part of this section, we briefly refer to the LR
approximation via particle filter weights and the last part deals
with our experimental results.

A. Generalized Likelihood Ratio Testing within PMHT

Let H1 be the hypothesis that a target exists in the FoV
and H0 be the opposite hypothesis that all measurements
are false. The generalized likelihood ratio (GLR) method
typically uses a likelihood ratio as a test statistic, in which
all unknown parameters are substituted by their maximum
likelihood estimates. Assigned to the PMHT framework this
leads to the following proceeding: The aim is to get an
expression for p(Z|H1) and p(Z|H0) respectively. We can
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have the likelihood function (9)-(11).

p(Z,X ) = p(Z|X )p(X ) (9)

=
T∏

t=1

Nt∏
n=1

[
S∑

s=0

p(an
t = s)p(zn

t |xs
t )

]
(10)

×
S∏

s=1

[
T∏

t=2

p(xs
t |xs

t−1)

]
p(xs

1) (11)

In fact the PMHT iteration process yields the maximum a
posteriori estimator arg maxX p(X|Z). So we do have

X̄ := arg max
X

p(Z,X ) (12)

= arg max
X

T∏
t=1

Nt∏
n=1

[
πn0

t

|FoV| +
S∑

s=1

w̃ns
t

]
(13)

×
S∏

s=1

T∏
t=2

N (xs
t ;Fxs

t−1,Q) (14)

×
S∏

s=1

N (xs
1;x

s
1|1,P

s
1), (15)

with the non-normalized PMHT assignment weights

w̃ns
t = πns

t N (zn
t ;Hxt,R). (16)

Putting X̄ into the likelihood function leads to an expression
for the denominator p(Z, X̄ |H1) of the GLR based deletion
test. For the numerator we obtain

p(Z|H0) =
T∏

t=1

Nt∏
n=1

p(an
t = 0). (17)

Considering (9)-(11) and (17), it can be seen that both the
numerator and the denominator of the GLR deletion test are
dependent on the number of measurements Nt. Therefore
we apply a correction term that brings in the ratio of the
probabilities p(Nt|H0) and p(Nt|H1). In the case of target
absence we obtain

p(Nt|H0) = pF (Nt), (18)

whereas pF (Nt) is the probability of having Nt false mea-
surements, which is assumed to be Poisson distributed. When
the target is present one has to consider the case of having no
measurements separately. This leads to

p(Nt|H1) =

{
pF (0)P¬D Nt = 0
pF (Nt)P¬D + pF (Nt − 1)PD Nt ≥ 1,

(19)

In (19), PD and P¬D := (1 − PD) is the probability of
detection and non-detection, respectively. So for each position
of the PMHT batch we calculate:

LR(t) ≈ GLR(t) =
p(Zt−TB+1:t|H0)

p(Zt−TB+1:t, X̄ |H1)
(20)

×
t∏

k=t−TB+1

p(Nk|H0)
p(Nk|H1)

, (21)

whereas TB is the batch length. Since we consider well
separated targets, we assume S = 1 in all experiments. To
avoid numerical problems, we work with logarithmic values
only. Looking more closely at log(p(Z, X̄ |H1)), this term can
obviously be split into a dynamics-driven part ΣD (22) and a
measurement driven part plus initialization term (23) denoted
as ΣM . For the sake of simplicity, the target index is omitted.

ΣD =
T∑

t=2

log(N (x̄t;Fx̄t−1,Q))

(22)

ΣM =
T∑

t=2

Nt∑
n=1

log
(

πn0
t

|FoV| + πn1
t N (zn

t ;Hx̄t,R)
)

+ log(N (x̄1; x̄1|1,P)) (23)

Figure 2 and 3 respectively show ΣM as a blue solid
line, log(p(Z, X̄ |H1)) as a black dashed-dotted line and
log(p(Z|H0)) as a red dashed line for two specific scenarios.
In both scenarios, the PMHT window had maximum length
TB = 6. We used the standard PMHT as it was developed in
[17]. Only the prior probabilities were calculated correspond-
ing to [24] instead of estimated. For example in the case of
Nt > 1 we used

πns
t =

{
PD+(n̄/Nt)(1−PD)

2·PD+(n̄/Nt)(1−PD) s = 0
PD

2·PD+(n̄/Nt)(1−PD) s = 1
(24)

n̄ is the average number of false measurements. For a detailed
explanation see [24]. The observed target generates measure-
ments until scan t = 12 and vanishes at t = 13. In figure 2
the target has a detection probability PD of 1.0 and the clutter
density was set to λ = 10−6.0. In figure 3 it is PD = 0.8 and
λ = 10−5.5. The number of clutter measurements was kept
constant over the time. Looking at the difference between ΣM

and log(p(Z, X̄ |H1)), it can be observed that the dynamics-
driven part ΣD is nearly constant, and thus does not have a
major impact on the deletion test. Figure 4 shows the behavior

Figure 2. Target with PD = 1.0 and λ = 10−6.0

of the correction term components for Nt = [1 : 40] in a
scenario with an average number of 20 false measurements.
The denominator is shown as a blue line and the numerator
as a red dashed line. Figure 5 shows the final correction term
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Figure 3. Target with PD = 0.8 and λ = 10−5.5
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Figure 4. Components of the Correction Term

before and after taking the logarithm. As could be expected,
the number of measurements is somewhere around the average
number of false measurements (here 20) and the correction
term does not have a major impact on the deletion test (similar
to the dynamics driven part ΣD).

The GLR method furnishes an approach for testing the
presence or absence of a target in a measurement sequence.
However, there is no guarantee that GLR comes to an optimum
solution.

B. Likelihood Ratio based on Synthetic Measurements

In [25], an approximative “MHT-like” LR-formula has been
presented for the PMHT (25)-(26). As in the GLR case,
all ingredients of the formula are provided by the PMHT
iteration process. A special characteristic of the formula is
that it depends on the synthetic measurements and synthetic
innovation covariances. It is

LR(t) ≈ (
πd

t N (z̄t;Hxt|t−1, S̄t) |FoV| + π¬d
t

)
(25)

× p(Nt|H1)
pF (Nt)

LR(t − 1), (26)

where z̄t is the synthetic measurement and S̄t is the synthetic
innovation covariance at scan t after convergence. πd

t and π¬d
t

are the prior probabilities of detecting and not detecting the
target. xt|t−1 is the prediction. In this paper we calculate the

0 5 10 15 20 25 30 35 40
−1

0

1

2

3

4

5
p(Nt|H0)/p(Nt|H1)

p(Nt|H0)
p(Nt|H1)

log( p(Nt|H0)
p(Nt|H1) )

Figure 5. Final Correction Term

logarithm of

LR(t) ≈
t∏

k=t−TB+1

(
πd

k N (z̄k;Hxk|k−1, S̄k) |FoV| + π¬d
k

)
(27)

× p(Nk|H1)
pF (Nk)

(28)

for each position t of the PMHT data window.

C. Likelihood Ratio Approximation by a Particle Filter

As already pointed out, the optimum LR processor cannot
be constructed or realized due to all the unknowns and the
voluminous amount of searching required in the tracking
scenario. Nevertheless there is a chance to approximate the
optimum arbitrarily close if one does not take computation
times into account [6]. Boers et al. provided a formulation
of the likelihood ratio based on the non-normalized weights
within a particle filter, which can be explained as follows.
Under the hypothesis HJ

k that there are J targets at time k,
the conditional probability density of their state xJ

k based on
the measurements vector zk is approximated as

p(xJ
k |zk) =

I∑
i=1

[wJ
k ]iδ(xJ

k − [xJ
k ]i), (29)

where I is the number of particles. Under hypothesis HJ
k and

using the chain rule, the conditional joint probability density
function of the measurements Z1:k is:

p(Z1:k|HJ
k ) = p(z1|HJ

k )
k∏

l=2

p(zl|Z1:l−1,HJ
k ) (30)

where

p(zl|Z1:l−1,HJ
l )

=
∫
xJ

l

p(zl|xJ
l ,Z1:l−1)p(xJ

l |Z1:l−1) dxJ
l (31)

� 1
I

I∑
i=1

p(zl|[xJ
l ]i) =

1
I

I∑
i=1

[w̃J
l ]i (32)

where we have identified w̃ as an non-normalized weight,
according to (32). So at time instant k, using (30) and (32),
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the likelihood ratio function between the two hypotheses HJ+1
k

and HJ
k is

Λ(HJ+1
k ,HJ

k ) =
p(Z1:k|HJ+1

k )
p(Z1:k|HJ

k )
=

∏k
j=0

(∑I
i=1[w̃

J+1
k ]i

)
∏k

j=0

(∑I
i=1[w̃

J
k ]i

)
(33)

A Page test that incorporates the log of the sequential likeli-
hood ratio function (33) will be used as a quickest detection
scheme.

D. Quickest Detection

Changepoint problems deal with detecting a change in the
state of a process, where information one has about the state of
affairs is in the form of observations. In the sequential setting,
observations are obtained sequentially and, as long as their
behavior is consistent with the initial (or target) state, we are
content to let the process continue. If the state changes, then
we are interested in detecting that a change is in effect, usually
as soon as possible after its occurrence.

1) Page Test: Page’s test (1954) [16] is well-known as
a method of detecting a permanent change in a distribution
associated with a sequence of observations. It is optimal for
detecting a permanent change in the distribution, in the sense
that it minimizes the average delay to detection, given an
average distance between false alarms.

c0 = 0 (34)

st = log
(

p(Z1:t|H0)
p(Z1:t|H1)

)
(35)

ct = max (ct−1 + st, 0) (36)

After exceeding a specified threshold, hypothesis H0 is ac-
cepted. If the cusum becomes negative it is reset to 0.

2) Shiryaev Rule: The Shiryaev rule represents an analo-
gous approach only with a different accumulation formula

g0 =
ρ

1 − ρ
(37)

st = log
(

p(Z1:t|H0)
p(Z1:t|H1)

)
(38)

gt = log(ρ + egt−1) − log(1 − ρ) + st, (39)

whereas ρ = 0.1 is the reciprocal of the average track length.

E. Evaluation

For our simulations we choose a two-dimensional kinematic
model with discrete-time process noise, which means that with
reference to the kinematic model in (1) we have

F =

⎧⎪⎪⎨
⎪⎪⎩

1 Δt 0 0
0 1 0 0
0 0 1 Δt
0 0 1 t

⎫⎪⎪⎬
⎪⎪⎭ (40)

Q = q̃

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Δt3

3
Δt2

2 0 0
Δt2

2 Δt 0 0
0 0 Δt3

3
Δt2

2

0 0 Δt2

2 Δt

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

, (41)

where q̃ = σ2
p · Δt is the process noise intensity. The process

noise σp is set to 0.001 and the time interval Δt is chosen to
be 30 s. The detection probability is PD = 0.9. Referring to
the model (2) the sensor parameters are set to

H =
{

1 0 0 0
0 0 1 0

}
(42)

R = σ2
m

{
1 0
0 1

}
(43)

with measurement noise σm = 100 m. The clutter density
is λ = 10−6.5. The PMHT window had maximum length
TB = 6. We used the standard PMHT as it was developed
in [17] with a constant number of 6 iterations. Only the prior
probabilities were calculated corresponding to [24] instead of
being estimated.

To evaluate the discussed LR approximation methods, we
generated 100 Monte-Carlo simulations with one target mov-
ing along a straight line in clutter. Each Monte-Carlo run had a
total length of 1000 scans and was done with a fully expanded
PMHT window. Both the GLR approximation (III-A) and the
“synthetic” approximation (III-B) were combined with Page’s
test and with the Shiryaev rule. Thus for each method & test
combination we produced a row of 1000 test values per run.
In the second step, each of the test values was compared
with a specified threshold, whereas exceeding the threshold
corresponds to a false alarm (because the target is present).
So for a certain threshold, an average time T̄ between false
alarms could be estimated. By shifting the threshold stepwise
over a suitable range, we achieved values for T̄ from 0 up
to 10000 (figure 6, horizontal axis). In another series of 100
simulations, we generated a target that vanished after 20 scans.
To get the corresponding vertical value for each T̄ , we counted
the number of scans that elapsed from the real disappearance
until the threshold excess. This decision delay is denoted as D̄
(figure 6, vertical axis). Figure 6 and 7 graphically represent
the evaluation of the two LR approximation methods combined
with Page’s test and Shiryaev’s rule, respectively. The GLR
curve is plotted as a blue solid line and the “synthetic” curve
as a dashed-dotted black line. An analogous evaluation has
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D̄

Page Test

 

 

GLR
Synthetic
Particle Filter

Figure 6. Performance of LR approximations and Page’s Test

been produced for a particle filter working with 500 particles.
According to [6], we used the non-normalized particle weights
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Figure 7. Performance of LR approximations and Shiryaev’s Rule

to approximatively calculate the LR. As the accuracy of this
approximation is only limited by the finite number of particles,
it does not surprise very much that this approach leads to
the best results with both Page’s test and Shiryaev’s rule. Of
course this only serves as an orientation, and in view of the
performance of a TMS, it is out of question for practical
applications. Looking at the LR approximations within the
PMHT framework we can educe that the GLR approach
together with the Shiryaev test leads to the best results.

IV. TRACK EXTRACTION

This section deals with the components II. and III. of the
proposed track-management system: the Candidate Tracker
and the Clutter Remover.

A. Quality Test for Candidates

Candidates have to be successively tested to check whether
they are real targets or just clutter. We compare both LR
approximation schemes in the context of track extraction. The
figures 8 and 9 show the average number of false tracks on the
horizontal axis and the probability of detecting a real target
on the vertical axis. We processed 300 Monte-Carlo runs with
the parameters of section III.
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Figure 8. Performance of LR approximations in track extraction with
clutter density λ = 10−6.5

The figures 8 and 9 show the results with and without ap-
plying the logarithm. The black dashed-dotted line represents
the LR based on synthetic measurements and the blue solid
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Figure 9. Performance of LR approximations in track extraction (log) for
λ = 10−6.5 (upper plot) and λ = 10−6.0 (lower plot)

line denotes the GLR approach. If we oppose p(H1|H0) to
p(H1|H1) then the synthetic approach performs better.

B. Preprocessing with Gaussian Mixture PHD

We use the Gaussian-mixture probability hypothesis density
filter to find the track-seeds in clutter, since the GMPHD is
specifically designed to accumulate information to answer the
question: “What is the probability of there being a target at
these coordinates?”.

Instead of looking for the best threshold to extract a candi-
date we show results of the following ad-hoc approach which
look quite promising: After the update step of the GMPHD we
only take the track with the highest weight as a new candidate.
We processed 500 Monte-Carlo Runs for each of the clutter
densities λ. The Tables I and II show the scan t0 when the
target was first extracted, the average track length L at that
time, the average number of false tracks N until t0 and the
average maximum weight.

Table I
GMPHD SIMULATIONS

λ 10−5.8 10−5.9 10−6.0 10−6.1 10−6.2

t0 7.5 6.802 6.09 5.586 5.004

L 4.185 4.184 4.06 3.924 3.646

N 4.07 3.322 2.484 1.814 1.17

wmax 0.0016 0.0021 0.0023 0.0031 0.0046
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Table II
GMPHD SIMULATIONS

λ 10−6.3 10−6.4 10−6.5

t0 4.746 4.222 4.016

L 3.486 3.31 3.15

N 1.044 0.64 0.544

wmax 0.0069 0.0057 0.0071

V. RESIDUAL EXTRACTION

If we consider well-separated targets the PMHT assignment
weights are either close to unity or close to zero. Figure 10
shows a typical distribution. Excluding all measurements with
assignment weights above a certain threshold (e.g. 0.5) will
efficiently the remove target or candidate measurements and
yield the residuals.

Figure 10. Distribution of the assignment weights for a single target

VI. SUMMARY

In this work we have reported on the use of several schemes
for deletion of tracks – these can be either of tentative tracks
that ought not survive or established tracks that have outlived
their measurements – within the PMHT tracking framework.
In [24], [25], the track deletion used the PMHT synthetic
measurements as if they arose from an MHT: the innovations
can be tested. We believe this is an appealing formulation;
but in fact the synthetic measurements have no such provable
provenance, so it is worth asking whether by making the
approximation, much is lost. We therefore have compared
that scheme to several others, including the “optimal” (Page
test and particle filter based) scheme, and also to the Page
procedure that works purely with log-likelihoods from the
Q-function. Our conclusion is that although the loss is mea-
surable, it is perhaps a worthwhile trade-off, as the resulting
scheme is particularly simple. In future work we shall report
on track initiation and merging in more detail; we believe that
the PMHT is especially well-suited to a sensor-management

role in which dwell decisions are made on the basis of tracks’
probabilities of survival.
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