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Abstract—Target tracking algorithms operate in an environ-
ment of uncertain measurement origin. Targets are randomly
detected, and clutter measurements from unwanted random scat-
terers are present. A vast majority of target tracking algorithms
have been developed with the assumption of infinite sensor
resolution, where a measurement can have only one source. This
assumption is not valid for real sensors, such as radars, where
measurements from multiple sources may merge. This paper
presents a multi-scan target tracking algorithm which removes
this restriction. For each measurement the probability that this
is a measurement formed by merging a clutter measurement
with the target detection is calculated. The merging event creates
new data association possibilities, and alters the track quality
measure. Both a single target and a suboptimal multi target
tracking algorithms are presented. A simulation study shows the
benefits of this approach.

Keywords: Tracking, data association, finite resolution,

sensor fusion, ITS, Linear Multitarget.

I. INTRODUCTION

Data association target tracking algorithms deal with situ-

ations where there are measurements of uncertain origin. In

many radar and sonar applications, for example, measurements

(detections) originate from both targets and non-targets, i.e.

from various objects such as terrain, clouds etc., as well

as from thermal noise. Unwanted measurements are usually

referred to as clutter measurements. In addition, the target

measurements are present at each measurement scan with

only a certain probability of detection. Sensors introduce

nonlinearities, and will merge close measurements.

Single scan target tracking algorithms do not keep estimates

based on different possible measurement sequences (histories)

separate. Either pruning (nearest neighbour) or merging (prob-

abilistic data association - PDA) is used [1]–[3]. Multi scan

target tracking algorithms keep estimates based on different

measurement histories separate over some last number of scans

[4], [5]. Single target tracking (STT) algorithms ignore the

possibility that a measurement may have originated from a

target not being followed by the current track, whereas multi-

target tracking (MTT) algorithms have to evaluate possible

measurement sources.

A vast majority of target tracking algorithms ignore the

fact that sensors have finite resolution. A small number of

references treat the problem of finite resolution sensor in

1This work was supported by Entropy Data Pty Ltd.

the context of merging measurements from multiple targets

[6], [7]. Probability that a measurement is merged depends

on the target trajectory state estimate. This leads to certain

complications. In [6], the probability of measurement merging

is calculated by integrating two-dimensional Gaussian distri-

butions. In [7] all possible combinations of target detections

and resolutions are evaluated. In both cases the complexity

of merging calculus sharply increases with the number of

targets involved, thus both algorithms can handle only a

small number of targets. If the measurement is merged, the

unresolved measurement is sourced from the mean of target

positions, whereas in reality and due to the fluctuations of

reflected signal amplitudes (which are unknown in the first

instance), the source of the unresolved measurement may

be anywhere between targets. Additionally, neither algorithm

handles possible merging of target measurements with a clutter

measurement, and neither algorithm provides the track quality

measure for false track discrimination. Both algorithms assume

uniform clutter measurement density in the surveillance area.

A novel approach has been presented in [8], [9]. Multiscan

target tracking using finite resolution sensors is proposed,

with data association probabilities enumeration and evaluation

solved by an enhanced multi dimensional assignment opti-

mization procedure.

This paper presents multi–scan target tracking algorithms,

which account for the possibility that a measurement may be a

product of merging between detections of a number of targets

as well as with the non–uniform clutter measurement(s). In

a major modeling departure from other works cited in this

Section, the probability of measurement merging depends on

the measurement positions, rather than on target trajectory

state estimates. This simplifies the model, and enables merging

target measurements with the clutter and equivalent clutter

measurements. For the multitarget solution, it allows to con-

sider merging measurements originating by more than two

targets simultaneously, drastically simplifying the algorithm

and reducing computational requirements. It is an extension of

the single–target multi–scan target tracking algorithm ITS [5],

which assumes infinite sensor resolution. The new algorithm is

termed Integrated Track Splitting – Finite Resolution (ITSfr).

A suboptimal, but computationally efficient multi target ver-

sion of this algorithm is obtained by applying the Linear

Multitarget method [10] to ITSfr to obtain LM-ITSfr. The
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finite resolution model presented in this paper is measurement

oriented. For each selected measurement, the probability that

this measurement is merged with a measurement from other

sources (effective clutter), is calculated. Under the merging

hypothesis, the measurement probability density function (pdf)

is modified by including merging bias and the increase of mea-

surement noise covariance. A similar approach was first used

in a single–target single–scan target tracker termed Integrated

Probabilistic Data Association – Finite Resolution (IPDAfr)

[11] algorithm for tracking a single target in clutter with a

finite resolution sensor. More recently, a particle filter based

target tracking filter which assumes finite sensor resolution has

been presented in [12]. Single scan finite resolution multitarget

tracking algorithm with a similar approach has recently been

published in [13].

The merging model presented in this paper is measurement

oriented. The merging probability of a selected measurement

depends on the measurement density (both clutter and foreign

targets) in the resolution cell neighbourhood of the measure-

ment. This reduces the number of possible merging events and

complexity of the algorithms presented.

Additionally, ITSfr recursively updates the probability of

target existence as a measure of track quality, which allows

false track discrimination and consequently automatic target

tracking in cluttered environments. Non-uniform clutter mea-

surement density is assumed.

The problem under consideration is outlined in Section II.

Finite resolution model and measurement merging calculus

is presented in Section III. The multi–scan target tracking

algorithm, ITSfr, is presented in Section IV, followed by

extension to multi target tracking, LM-ITSfr in Section V.

In Section VI, a simulation study shows the effectiveness of

the multi–scan target tracking when using a finite resolution

sensor, and compares it to a single scan finite resolution target

tracker IPDAfr. Concluding remarks are presented in Section

VII.

II. PROBLEM STATEMENT

A finite resolution sensor is modeled by generating mea-

surements according to an equivalent infinite resolution sensor

and then merging measurements which are in close proximity.

A target has the state xk ∈ R
nx at time k, which evolves

according to

xk = Fxk−1 + νk (1)

where F is the state propagation matrix and the process

noise νk is a zero mean and white Gaussian sequence with

covariance matrix Qk. Assume the case where there are two

measurement spaces; the sensor measurement space (often

polar, e.g. radius r and bearing α), and converted measurement

space in Cartesian coordinates. Further assume that both sensor

and converted measurement space have the same dimension

ny . Measurement conversion sometimes introduces measure-

ment bias [14]. Without loss of generality, we ignore here the

measurement conversion bias correction issues. Measurement

merging is best modeled in the sensor measurement space,

while tracking and data association issues more often use con-

verted measurements. Converted target measurement y ∈ R
ny

is

y = Hxk + ωk (2)

where H is the measurement matrix and the measurement

noise ωk is a zero mean and white Gaussian sequence with

the covariance R, and independent of νk. A measurement of

target τ is present in each scan with a probability of detection

PD.

Clutter measurements follow the non-uniform Poisson dis-

tribution characterized at location y ∈ R
ny by clutter mea-

surement density (Poisson intensity) ρ(y).

After infinite resolution target and clutter measurements

have been generated, the finite resolution sensor merges mea-

surements whose distance is smaller than the resolution cell.

Let yk = {yk,1, . . . , yk,qk
} denote the collection of target

and clutter measurements. A resolution cell about the point

y ∈ R
ny is defined as

V (y) = {z ∈ R
ny : |zs(a) − ys(a)| ≤ va, a = 1, . . . , ny}

(3)

where ys(a) and zs(a) are the ath element of the sensor

space translations of vector y and vector z respectively, and

∆Vr = (v1, . . . , vny
)′ is the vector of resolution cell dimen-

sions. Based on our ignorance of the instantaneous amplitudes

of target signals, as well as on the merging process itself, when

two measurements are merged, the resulting measurement

is assumed to be at a random point on the line connect-

ing the measurements. The collection of finite resolution

measurements is denoted as zk = {zk,1, . . . , zk,mk
}. These

measurements are input to the target tracker. At each scan,

each track τ selects a collection of measurements, denoted by

zτ
k = {zτ

k,1, . . . , z
τ
k,mτ

k
}. The history of selected measurements

up to time k is denoted as Zk,τ = zτ
k ∪ Zk−1,τ . Selection

process is outside the scope of this paper, details can be found

in [5]. In further text the superscript τ indicating track of

selected measurements are dropped for reasons of clarity as

the intended meaning is obvious from the context.

Although this paper will consider only measurements with a

kinematic component, the proposed algorithm can be extended

to handle a feature component, such as amplitude [15], [16],

in the manner of [17].

III. MEASUREMENT MERGING CALCULUS

The average number of “clutter i” measurements, defined as

the number of (infinite resolution clutter measurements) which

fall in the finite resolution neighbourhood of measurement zk,i

is

NM
i =

∫

V (zk,i)

ρ(z) dz. (4)

If we approximate the distribution of the number of “clutter

i” measurements which are located (before merging) in the

finite resolution neighbourhood of measurement zk,i by a

Poisson distribution, then the probability that if measurement
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zk,i is the detection of target, it is also a clutter (merged)

measurement, is

PM
i ≈ 1 − e−NM

i . (5)

The a priori pdf of “clutter i” measurement, is given by

pc,i(z) = χV (zk,i)(z)
ρ(z)

NM
i

, (6)

where χA(z) = 1 for z ∈ A and zero otherwise. Assuming

no knowledge of the relative strengths of the clutter and target

measurement signals, the measurement z pdf is uniformly dis-

tributed between merging measurements, thus the probability

density function of merging “noise” is given by

pm
c,i(z; zc) = χV (zk,i)(z)

ρ(zc)

NM
i

·
1

‖zc − zk,i‖
. (7)

Note that the values of PM
i , pc,i(z) and pm

c,i(z; zc) depend

only on ρ(z), and do not depend on the target trajectory state

estimate pdf.

Under the hypothesis that measurement zk,i is the detection

of target merged with some other measurement, the a priori

pdf of measurement zk,i is given as

pm
k,i =

∫

pm
c,i(zk,i, zc)pk,i dzc (8)

where pk,i is the non-merged a priori pdf of measurement

zk,i. If the predicted trajectory state estimate is Gaussian with

mean x̂k and covariance Pk, then pk,i is given by

pk,i =
1

PW

N (zk,i; ẑk, Sk)

ẑk = Hx̂k

Sk = HPkHT + R

(9)

where PW denotes the measurement selection probability, and
T denotes the matrix transpose. Gaussian probability density

function (pdf) of variable x with mean m and covariance ma-

trix P is denoted by N (x;m,P ). The convolution (8) usually

cannot be evaluated as a closed-form equation. In the interests

of computational efficiency, the solution is approximated by

a Gaussian probability density function (pdf) with a matching

mean and covariance matrix. This leads to

pm
k,i ≈ N

(

zk,i; ẑk + ẑm
k,i, Sk + ∆Rm

i

)

(10)

where the effects of merging are approximated by the mea-

surement merging measurement bias ẑm
k,i

ẑm
k,i =

∫

V (zk,i)

pc,i(ζ) dζ

∫ ‖ζ−zk,i‖

0

(γ(r) − zk,i)
dr

‖ζ − zk,i‖
,

(11)

with

γ(r) = zk,i + r(ζ − zk,i)/‖ζ − zk,i‖ (12)

and the inner integral is the consequence of the uniform

distribution of the merged measurement on the straight line

between clutter measurement ζ and the target τ measurement

γ(r). Additional measurement merging measurement error

covariance matrix ∆Rm
i becomes

∆Rm
i =

∫

V (zk,i)

pc,i(ζ) dζ

∫ ‖ζ−zk,i‖

0

(γ(r) − zk,i) (γ(r) − zk,i)
T dr

‖ζ − zk,i‖
.

(13)

The total measurement error noise covariance matrix of the

merged measurement Rm
i is

Rm
i = R + ∆Rm

i . (14)

To further simplify the algorithm, in our simulation study

presented below, as well as in [11], the integral in (4) may

be replaced by a 5 point sum, ẑm
k,i may be assumed zero,

and ∆Rm
i may be replaced by the covariance matrix which

assumes uniform distribution of pτ
c,i(ζ) in our two dimensional

measurement space, with sensor described in Section VI. This

approximates to

ẑm
k,i ≈ 0, (15)

and

∆Rm
i ≈

∫

V (zk,i)

dζ

∆Vr

∫ ‖ζ−zk,i‖

0

(γ(r) − zk,i) (γ(r) − zk,i)
T dr

‖ζ − zk,i‖
.

(16)

Consider first the case when the sensor measurement space

is identical to the converted measurements space, with ny = 2.

In other words, our sensor is linear in Cartesian position coor-

dinates. Whilst admittedly unrealistic, this sensor is illustrative

and is also used in the simulation study in Section VI. Denote

by ∆x and ∆y the resolution cell dimensions in Cartesian

coordinates x and y respectively. Using the notation from

equation (3), v1 = ∆x and v2 = ∆y. Equation (16) then

becomes

∆Rm
i ≈

4

9

[

∆x2 0
0 ∆y2

]

. (17)

This approximate value for ∆Rm
i is precomputed and does

not require additional computational resources during track

update. In other words, uniform clutter measurement density

is assumed in each V (zk,i).
Consider next a more realistic case of one two dimensional

surveillance sensor, with polar sensor measurement space

where each measurement ys consists of the radius r and

bearing α, and converted measurement space in Cartesian co-

ordinates consists of x and y. Denote by ∆r and ∆α resolution

cell dimensions in sensor measurement space. Equation (16)

becomes

∆Rm
i ≈ T (αi)∆Rm(ri)T

T (αi), (18)

where αi and ri are the polar coordinates of measurement zk,i,

with

T (α) =

[

cos(α) − sin(α)
sin(α) cos(α)

]

(19)

and

∆Rm(r) =
4

9

[

∆r2 0
0 r2∆α2

]

. (20)
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IV. MULTI SCAN FINITE RESOLUTION TRACKING

In this Section only single target tracking in clutter using

finite resolution sensor(s) is presented. Measurement merging

of interest involves measurement of target detection and clutter

measurements.

However, in Section V we enlarge the definition of clutter

to include possible measurements of foreign targets, thus these

results are also relevant for the finite resolution multi target

tracking.

A. Track State

The state of the track at time k is defined by a discrete event

χk which denotes target existence and a continuous variable xk

which denotes track trajectory state estimate at time k [3], [5].

The track trajectory state estimate probability density function

is conditional on the target existence event:

P [χk, xk] = P {χk} p (xk|χk) . (21)

The track state at time k can be a priori , i.e. conditioned

on Zk−1, or a posteriori , i.e. conditioned on Zk. The track

state evolves between measurements as a Markov process and

is recursively updated with measurements. Track superscript

is generally not used in this paper, with the exception of the

Section V: Multitarget Finite Resolution Tracking.

Two models for target existence propagation are defined in

[3]. Markov Chain One model, which is used in this paper,

equates target existence and detectability; i.e. if the target

exists, its measurement will also be present with the prob-

ability of detection PD. Markov Chain Two is an extension of

Markov Chain One model. In this model, target existence is

separated from target detectability; i.e. the target may exist, but

be (temporarily) not detectable. Extensions to Markov Chain

Two model are straightforward and will not be described in

this paper.

Propagation of the probability of target existence from time

k − 1 to time k is given by

P
{

χk|Z
k−1

}

= p11P
{

χk−1|Z
k−1

}

+

+ p21

(

1 − P
{

χk−1|Z
k−1

})

.
(22)

Value of p21 denotes the probability that a target will exist

at time k, given that it did not exist at time k − 1. Such an

event renders the definition of target trajectory state estimate

p (xk|χk) meaningless. Appearance of new targets should be

handled in a separate target birth (track initialization) process.

Thus the value of p21 should be zero, and is included here

for completeness. Value of p11 depends on the time interval

between measurements, and the relationship between p11 and

time is described in [18].

The track trajectory state estimate pdf is a set of track

components in the manner of ITS [5], where each track

component corresponds to a unique measurement sequence

(also referred to as measurement history) over some multi-

measurement time horizon. Sufficient statistics for each track

component are the probability of track component existence,

and the track component state estimate pdf, both conditional

on target existence. The track component state estimate pdf de-

pends on the estimator applied for each track component. For

maneuvering targets, the estimator may be Interacting Multiple

Model (IMM) [19], in which case each track component state

estimate pdf is a Gaussian sum. For the reasons of clarity,

in this paper a Kalman filter state estimator for each track

component is employed, thus the state estimate pdf of a track

component is a single Gaussian pdf. The track component

existence state implies that the measurement history used for

the estimate contains the target position at each measurement,

given that the target exists. The null measurement is also

used to imply that no selected measurement in that scan is

a detection of the (possible) target being tracked.

The a posteriori pdf of target trajectory state estimate at

time k − 1 is given by

p(xk−1|χk, Zk−1) =

Ck
∑

c=1

ξk−1(c)p(xk−1|χk, c, Zk−1), (23)

where c denotes the (index of) track component, Ck denotes

the number of track components, and ξk−1(c) denotes the

probability that measurement history of track component c
is correct, given target existence, and given measurement set

Zk−1. Then,

p(xk−1|c, χk, Zk−1) =

= N (xk−1; x̂k−1|k−1(c), Pk−1|k−1(c))
(24)

and
Ck
∑

c=1

ξk−1(c) = 1. (25)

Each track component pdf is defined by the mean value

x̂k−1|k−1(c) and covariance matrix Pk−1|k−1(c) of target tra-

jectory estimate, given that the track component measurement

history c is correct, and given that the target exists.

When measurement k arrives, each track component pdf

propagates from time k − 1 to time k, using the standard

Kalman filter prediction

p(xk|c, χk, Zk−1) =N (xk; x̂k|k−1(c), Pk|k−1(c))

x̂k|k−1(c) =Fkx̂k−1|k−1(c)

Pk|k−1(c) =FkPk−1|k−1(c)F
T
k + Qk

(26)

where matrices Fk and Qk depend on the (random) time

interval between measurements k − 1 and k, as described in

[20]. The pdf of predicted target trajectory state is therefore a

mixture of track component pdfs:

p(xk|χk, Zk−1) =

Ck
∑

c=1

ξk−1(c)p(xk|χk, c, Zk−1) (27)

The likelihood, or a priori pdf of measurement zk,i under the

no measurement merging assumption, is given by

pk,i
4
= p(zk,i|χk, Zk−1) =

Ck
∑

c=1

ξk−1(c)pk,i(c)

pk,i(c)
4
= p(zk,i|χk, c, Zk−1) = N (zk,i; ẑk(c), Sk(c))

(28)
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where
ẑk(c) = Hx̂k|k−1(c)

Sk(c) = HPk|k−1(c)H
T + R.

(29)

The likelihood, or a priori pdf of measurement zk,i under the

measurement merging assumption, is given by

pm
k,i

4
= pm(zk,i|χk, Zk−1) =

Ck
∑

c=1

ξk−1(c)p
m
k,i(c)

pm
k,i(c)

4
= pm(zk,i|χk, c, Zk−1) =

= N (zk,i; ẑk(c) + ẑm
k (c, zk,i), S

m
k (c, zk,i))

(30)

where

Sm
k (c, zk,i) = HPk|k−1(c)H

T + Rm(zk,i). (31)

Likelihood of measurement zk,i is obtained by applying the

total probability theorem

p̃k,i =
(

1 − PM
i

)

pk,i + PM
i pm

k,i. (32)

B. ITSfr Track Update

Measurement likelihood ratio at time k is

Λk = 1 − PDPW + PDPW

mk
∑

i=1

p̃k,i

ρk,i

(33)

where ρk,i
4
= ρk(zk,i). The a posteriori probability of target

existence is given by

P
{

χk|Z
k
}

=
ΛkP

{

χk|Z
k−1

}

1 − (1 − Λk) P {χk|Zk−1}
(34)

Denote by m = 0, 1 measurement merging indicator, with

m = 1 denoting that the measurement has multiple sources. At

scan k, each triplet ( track component c, selected measurement

i ≥ 0, merging indicator m) creates a new track component.

Denote by c+ 4
= {c, i,m} the index of new track component.

The a posteriori relative probability of the new track com-

ponent is given by

ξk(c+) =
ξk−1(c)

Λk

·














1 − PDPW ; i = m = 0;
0; i = 0,m = 1;
(1 − PM

i )PDPW pk,i(c)/ρk,i; i > 0,m = 0
PM

i PDPW pm
k,i(c)/ρk,i; i > 0,m = 1

.

(35)

State estimate pdf of the new track component is Gaussian,

defined by its mean and covariance matrix. For i = m = 0,

[

x̂k|k(c+), Pk|k(c+)
]

=
[

x̂k|k−1(c), Pk|k−1(c)
]

. (36)

For i > 0,m = 0
[

x̂k|k(c+), Pk|k(c+)
]

=

= KFE(x̂k|k−1(c), Pk|k−1(c), zk,i,H,R),
(37)

where [xe, Pe] = KFE(x, P, y,H,R) denotes the Kalman Fil-

ter update of [x, P ] using measurement y, with measurement

matrix H and measurement error covariance R:

S =HPHT + R

K =PHT S−1

xe =x + K(y − Hx)

Pe =P − KSKT .

(38)

In a similar manner, for i > 0,m = 1,
[

x̂k|k(c+), Pk|k(c+)
]

=

= KFE(x̂k|k−1(c), Pk|k−1(c),

zk,i − zk,i(c, zk,i),H,Rm(zk,i)).

(39)

The number of track components grows exponentially with

time, and are very likely to overcome computational capa-

bilities in any practical implementation. Some method of

component number control is necessary. While this issue is not

a part of the algorithm itself, and is outside the scope of this

paper, some techniques, including track component pruning or

merging, may be found in [1], [21]–[23].

V. MULTITARGET FINITE RESOLUTION TRACKING

Different tracks are denoted by superscripts τ or σ.

Infinite sensor resolution optimal multi target tracking ap-

proach enumerates and evaluates global (joint) measurement

origin events. Each joint measurement origin event allocates

each measurement to a zero or one tracks, and each track is

given zero or one measurements. They are constrained by the

condition that each measurement can have up to one source

(infinite sensor resolution) and that each target can have up

to one measurement (point targets). Even then, the number of

joint events grows combinatorially with the number of tracks

and the number of measurements involved. Thus optimal multi

target tracking [4], [18], [24], [25] can be applied only in a

relatively benign situation with a small number of close targets

and sparse clutter. Suboptimal approaches like linear multi

target tracking [10] are designed for multi target tracking in

difficult tracking situations.

Finite resolution adds another level of complexity as the

number of possible measurement merging events of N tracks

with overlapping predictions is

2N+1 − N − 2, (40)

which also includes merging with a clutter measurement.

To avoid the multi target finite resolution complexity, we ex-

tend the definition of clutter. When updating track τ , unwanted

scatterers (sources of unwanted measurements) are clutter, as

well as all other potential targets. Total measurement density

of unwanted scatterers for track τ is

ρτ (z) = ρ(z) +

T
∑

σ=1
σ 6=τ

PDPW P{χσ
k |Z

k−1}pσ(z). (41)

where T denotes the number of tracks. The unwanted mea-

surement density ρτ (z) calculated by equation (41) is used

instead of ρ in measurement merging calculus of Section III.
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A priori probability that measurement zk,i has originated

from track τ is approximated by

P τ
i ≈ PDPW P

{

χτ
k|Z

k−1
} p̃τ

k,i/ρτ
k,i

mk
∑

j=1

p̃τ
k,j/ρτ

k,j

, (42)

where ρτ
k,i

4
= ρτ (zk,i) with ρτ defined by equation (41), and

p̃τ
k,i defined by equation (32).

Equivalent clutter measurement density at location zk,i

when updating track τ is calculated by

Ωτ
i = ρk,i +

T
∑

σ=1
σ 6=τ

P σ
i (1 − PM,σ

i )

1 − P σ
i (1 − PM,σ

i )
p̃σ

k,i, (43)

where PM,σ
i is the merging probability of measurement zk,i,

assuming that it is also measurement from target σ, as given

by equation (5) using ρσ(z) from equation (41).

Linear Multitarget method means applying Ωτ
i instead of

ρk,i in all equations in subsection IV-B when updating track

τ .

VI. SIMULATION STUDY

The simulation study demonstrates the effectiveness of the

ITSfr target tracking procedure, in a non-uniform cluttered

environment. ITSfr is compared to three other single target

tracking algorithms:

• Integrated Track Splitting filter (ITS) [26], [27], which is

a multi scan single target tracking algorithm assuming

infinite resolution sensor. It can be obtained from the

ITSfr by setting the merging probabilities to zero in all

equations.

• Integrated Probabilistic Data Association - finite resolu-

tion (IPDAfr), which is a single scan single target tracking

algorithm assuming finite resolution sensor. IPDAfr can

be obtained from ITSfr by merging all a posteriori track

components into one, thus approximating the a posteriori

target trajectory state estimate pdf by a single Gaussian

pdf.

• Integrated Probabilistic Data Association (IPDA) [3],

which is a single scan single target tracking algorithm,

assuming infinite resolution sensor. IPDA can be obtained

from ITS by merging all a posteriori track components

into one, thus approximating the a posteriori target tra-

jectory state estimate pdf by a single Gaussian pdf.

Each simulation experiment consists of 100 runs, and each

run consists of 50 scans. A 2-dimensional surveillance situa-

tion was considered. The area under surveillance was 1000m
long and 400m wide. Target follows uniform motion trajectory

with initial state of [ x ẋ y ẏ ] = [ 50 15 200 0 ].
The false measurements satisfied a Poisson distribution with

density 0.25 · 10−5/scan/m2 over the area except for two

patches with four hundred times this clutter density. The high

clutter density patches are rectangular with corner coordinates

(xmin xmax ymin ymax) of (300 450 150 250)m and

(650 800 150 250)m. The target motion is modeled in

Cartesian coordinates as

x(k + 1) = Fx(k) + ν(k) (44)

where x(k) is the target state vector at time k and consists of

the position and the velocity in each of the 2 coordinates

xT = [ x ẋ y ẏ ] (45)

with the transition matrix

F =

[

FT 0
0 FT

]

; FT =

[

1 T
0 1

]

(46)

where T = 1s is the sampling period. The plant noise ν(k) is

a zero mean white Gaussian noise with known variance

E
[

ν(k)ν(j)T
]

= Q δ(k, j) (47)

where δ(k, j) is the Kronecker delta function and

Q = q

[

QT 0
0 QT

]

; QT =

[

T 4/4 T 3/2
T 3/2 T 2

]

(48)

with q = 0.1. The detection probability PD = 0.6 is constant

throughout the experiment. Base sensor measurement noise

covariance matrix is

R =

[

25 0
0 25

]

(49)

Under the measurement merging hypothesis, the measurement

noise covariance matrix is increased by ∆R from equation

(17) with

∆x2 = ∆y2 = 75. (50)

The track trajectory estimation filter used in all algorithms

is a simple Kalman filter based on the described trajectory

and sensor models. Component merging, as described in [22]

is used to control the number of ITSfr and ITS components,

which was limited to 40.

Two scan differencing is used for track initiation using mea-

surements [20], and an initial probability of target existence is

attributed to each new track [28]. All measurements in each

two consecutive scans are used to initialize tentative tracks.

Thus both true tracks and false tracks are created in every

scan of every simulation run.

Probability of target existence is used as the track quality

measure for the purpose of the false track discrimination.

When the probability of target existence rises above the con-

firmation threshold, the tentative track becomes a confirmed

track. When the probability of target existence falls below the

termination threshold, the track is terminated. Additionally, at

the end of each run all true tracks are terminated, and the false

tracks were retained, to attain a stable field of false tracks.

Non–parametric versions of the algorithms are employed.

We use the false track discrimination performance to demon-

strate the effectiveness of this approach.

False track discrimination statistics are presented with a

curve showing the total number of targets which were followed

by a confirmed true tracks, over the simulation run time. Thus,
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the value of 100 denotes 100% success rate of targets being

followed by a confirmed track.

Figure 1 shows the number of confirmed true tracks over

simulation time, accumulated across simulation runs. Multi

scan target tracker ITSfr shows a marked improvement over its

infinite resolution sensor counterpart, ITS. There is not much

difference between IPDAfr and ITS, showing that in this en-

vironment finite resolution sensor model almost compensates

for the ITS multi scan capabilities. The worst is single scan

tracker, IPDA, which assumes infinite sensor resolution.
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Figure 1. Confirmed True Tracks

The execution time of ITSfr and ITS is comparable, and is

order of magnitude higher than the execution times of IPDAfr

and IPDA.

The work continues on testing this algorithm in other envi-

ronments, as well as comparing it with other target tracking

algorithms.

VII. CONCLUSION

A measurement oriented merging model is developed in this

paper. This model has been applied to a multi scan target

tracking algorithm suitable for automatic target tracking in

a cluttered environment when finite resolution sensors are

applied. When updating one track, merging events of its

selected measurements with all other possible sources are

handled comprehensively, which reduces algorithm complexity

significantly compared to other published approaches.

Simulation results demonstrate the power of this approach

in an environment of very non–homogeneous clutter, and

reasonably low probability of detection. Further research is

being carried out in improving the performance of the ITSfr

filter, as well as comparing it further with other target tracking

algorithms.
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