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Abstract: The radar multi target tracking (MTT) technique requires prior knowledge of a number of parameters
about the sensor, the target and backgrounds. The Integrated Track Splitting (ITS) is a fully automatic track-
while-scan (TWS) target tracking algorithm capable of extracting and tracking a target in a dense clutter
environment using quality false track discrimination (FTD) methodology. The computational complexity in
ITS algorithm is limited, compared to other algorithms they use statistical methods to discriminate between
false and true tracks, such as multiple hypothesis tracking (MHT), mainly due to the FTD performed. The paper
provides an analysis of tracking parameters that allows determining the limit of the possibility of successful
target tracking. Extensive experiments have confirmed that the recursive determination of the probability of
the existence of a track during tracking can confirm a true track and reject a false track. The clutter density,
number of random occurred targets, targets load during the maneuver and the target detection probability
were varied. The results of experiments, carried out via Monte Carlo simulations, shown over representative
confirmed true tracks (CTT) diagrams, root mean square error position and normalized tracking efficiency
parametric diagrams allow the user to select optimal multi-target tracking parameters for different scenarios
and clutter densities.

Keywords: multi target tracking; false track discrimination; radar; probability of detection

1. Introduction

The radar sensor measurements may either be a clutter or a target measurement, so that target
existence and trajectory are not a priori known. Target measurements are only present in a scan with
some probability of detection Pp<1 [1]. In a multi-target situation, the measurements may have also
originated from one of various targets, but the number and distribution of targets in the surveillance
area is unknown. Automatic tracking in this environment initiates tracks using both target and clutter
measurements. If a track follows a target, we call it a true track; otherwise we call it a false track [2].
To confirm likely tracks and terminate unlikely ones, a track quality measure is necessary. Some
standard track quality measures include the probability of the tracks are initialized using
measurements, thus both true tracks and false tracks simultaneously exist [3].In many radar
applications, the user has knowledge of the density and distribution of clutter and probability of
detection, based on the known parameters, wants to select an optimal algorithm to achieve effective
target tracking

The multiple hypotheses tracking (MHT) [3] is one of the first algorithms which solve multiple
measurement-to-track association hypotheses for target tracking in clutter. The measurement-
oriented MHT, often known as the Reid algorithm [4] forms new tracks and measurement allocation
hypotheses centered on global origin of measurements. The MHT uses statistical methods to
discriminate between false and true tracks. The probability of target existence obtained by utilizing
Markov chain propagation models and Bayes update is used as the track quality measure in
Integrated Probabilistic Data Association (IPDA) of [5] and Integrated Track Splitting (ITS). Track
estimates obtained from IPDA are conditional on target existence; they depend only on selected
measurements and not on the probability of target existence, which is also the case with ITS.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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The single target Integrated Track Splitting (ITS) [6] and Multi-target Joint ITS (JITS) and Linear
Multi-target ITS (LMITS) [7] are generalizations of IPDA, JIPDA and LMIPDA respectively [8]. They
more precisely approximate the trajectory state by a Gaussian Mixture. The MHT, IPDA and ITS
based algorithms are derived assuming linear trajectory propagation and linear measurement model.
Some nonlinearity may be accommodated by measurement conversion [9] and by replacing the
Kalman filter (KF) with the Extended KF (EKF)[10,11] or the Unscented KF (UKF) [12,13] within IPDA
and ITS.

Nonlinear measurements, e.g. Bearings Only Tracking (BOT), Time Difference of Arrival
(TDOA), have measurement likelihoods which are not Gaussian. Any distribution may be
approximated by a Gaussian Mixture [14]. This is used by the Gaussian Mixture Measurement
likelihood approximation ITS (GMM-ITS) [15], which approximates both the measurement
likelihoods and the posterior trajectory state PDF by Gaussian Mixtures. The GMM-ITS may be used
in more difficult situations where the EKF and UKF do not deliver adequate performance [16]. SMC
methods are powerful tools in Bayesian filtering and have been applied to multi-target problems [17].
However, no principled SMC implementations have been proposed in the context of FISST.

The multi-target posterior is represented by a large set of weighted random samples (particles),
possibly of different dimensions, and is propagated over time using the importance sampling and re-
sampling strategy of the standard particle filter. The direct approach of standard SMC methods to
propagate the intensity function would fail because the intensity function is not a probability density
function and the PHD recursion is not a standard Bayes recursion.

The particle filters [18] sample nonlinear (non-Gaussian) state PDF by a set of random particles.
The particle filters have been successfully applied to a wide range of estimation problems. On the
negative side, a large number of particles are often needed for difficult multidimensional scenarios,
which typically results in about one to two orders of magnitude higher computational requirements
compared to ITS [19].

However, the publications concentrate on trajectory estimates, without the track quality measure
and false track discrimination (FTD). The particle filters for target tracking in clutter have been
proposed in [20]. Some of algorithms use compensation of non-linearity [21] or augmented hybrid
particles that consist of both the base state and the modal state to realize interacting multiple model
(IMM)[22]. These publications concentrate on trajectory estimates only, without calculating a track
quality measure and applying it for the FTD. Furthermore, they all assume a known and uniform
clutter measurement density, which rarely occurs in real applications. Each track trajectory PDF is
represented by a disjoint set of components. The probability of target existence is integrated into the
track state. The FTD may use the probability of target existence as the track quality measure. The data
association is included to stochastically discriminate against clutter measurements, and the
probability of target existence is recursively calculated for use in the false track discrimination. In this
paper, we examine the effectiveness of the well-known ITS algorithm in complex motion scenarios,
in order to evaluate its applicability in an environment of variable clutter density [23].

Rest of the paper is organized as follows. The problem statement and models is presented in
Section II. Section III derives the SMC probability data association filter (SMC PHD) followed by the
results of simulations, presented from Section IV. Concluding remarks will be given in Section V

2. Problem Statements

Consider dynamic state estimation problem, in which the state varies with time. Preamble
involves determining the existence and the trajectory of possible targets in the surveillance space, by
comparing random measurements received by the sensor with the applicable stochastic models. We
use superscripts T to denote tracks, and also targets followed by tracks.

A.  Targets model

We use the Markov Chain One model [24] for the propagation of the probability of target
existence Wk. This model assumes that a target may exist and when it does it is always detectable with
a given probability of detection Pp, or it may not exist [25]. During the targets maneuvering, the

motion can be changed at random times. The dynamic models for target 7, target state x; , at time k,
denotes by:
x; = F (0% +vi(o)) (1)
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where F(0)) is the propagation matrix, o, € {1,2,...,0} denotes dynamic model and the

T . . . . . . . T
V, process noise with a zero mean white Gaussian sequence with known covariance matrix ;. In

the following, the superscript t refers to the track variables, while the same variables without the
superscript refer to the general case. At each scan k, the sensor returns a random number of the
random target and clutter measurements. The measurement of the existing and detectable target is
taken with a probability of detection [26].
B.  Measurements models

Measurements may originate from the targets as well as from other objects. The clutter
measurements follow the Poisson distribution. We assume that the uniform intensity of the Poisson
process at point y in the measurement space, termed here the clutter measurement density and denote
by p(¥) is a priori known, or can be estimated using the sensor measurements. At time k, one sensor

delivers a set of measurements denoted by z ,={z, ; ]}21 . Denote by Z * the sequence of selected

measurement sets up to including time interval k, z* :{Zk_laZk,l:---:Zk,_j:---:Zk,Mk} . The
measurements model of target T, is given by the [27]:
e =H(o)x, + @ (07) 2)
where H,j=1{1,2,..,0} are known measurements matrix, @, is measurements noise,
usually assumed to zero mean white and uncorrelated Gaussian noise sequence with known
measurements covariance matrix R,f [28].

C.  Clutter model
At each scan the sensor returns a random number of clutter measurements, which is modeled by

the non-homogeneous Poisson process with known clutter measurements density 0, (i -is the

index of measurements). The number of clutter point N(p, ) in all regions of the measurements

space are independent. Tracks may be initiated using clutter measurements, and they may be
initiated with target measurements but after some time start following clutter measurements. In both
situations, there is no target associated with tracks. In that manner, the target existence being
(followed by each initialized track) is a random event [29].

3. Integrated Track Splitting Approach

In ITS, each track is treat as union of components. The track state estimate of each component is
the output of a filter which is given a single measurement at each scan. Thus each component
represents a possible track-to-measurement association history. All components are mutually
exclusive and consists the probability of the component existence and the component state estimate
probability density function (PDF), conditioned on the component existence [30].

In general, ITS consist four iterative steps. Those are:

a) Prediction step, where is calculated predicted state for each component, from previous time
interval, probability that component is correct and probability of target existence.

b) Measurements selection where is calculated the likelihoods of each measurements and each
component, provides set of new measurements.

c¢) Data association step provides a posteriori of target existence, a posteriori probability that

measurement i is the detection of track T, at the time interval k, denotes by fkf i
d) Track update step provides updated target trajectory state estimate, for each track .

Consider the track state at time k by the discrete variablex; . Let's defined discrete event ¢,
where following cases is possible for tracking target:

o (/- case where target T exist and following target,

J éj,f - case where target T does not exist.
Also, the case that measurements are (or none) the target 7 detection, can have two outcomes:
e Kk, =0, the event that none of the validated measurements is a target T detection, at the time

interval k
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. fkr =1, the event that measurements i is a target © detection, at the time interval k.

3.1 Prediction Step

At the beginning of the prediction step, we associate each track by the probability of existence
[31] from time interval k- :

Wi =P 12 ©
Consider track state estimate PDF by the p(x;_, |}, Z ) . On the same time, we define set of track

components, denominate by ¢, with probability &, ,, by the equations:

=P 160, 2P0 K0 600,21) 4)
and its associated components state PDF, by the following equation:
P60 | zZ = PG| Zk_l)p(x;—l | & zZh ©)

where P(.) denotes total probability. We assume that the track trajectory propagation PDF is
Gaussian function [32]:

P %560 = NI Fix 1,00 ] (6)
Track state PDF is Gaussian mixture:
Ck*l
px, |;k—1 2= zp(xk—l ‘gk—l’c’zk_l)P(c|;k—l Z 7)
c=1

where component probability prediction is given by the:
& =Pl . 2 = Pe|¢, 2 e =10, C, ®)

and Ck is total number of components, at the time interval £.
Consider the Markov Chain One model, for the propagation of the probability of target
existence. That's, if the target exists, its measurement will also be present with the probability of

detection P, . In general, the propagation of the probability of target existence P{{; | Z “ from
time k — 1 to time k is given by:

P NZ Y = p PC 1 2+ py (1= PG 1 Z57) )

The value of p,,is typically assumed constant, while p,, =0. Value of p,, depends on the

time interval between measurements. The track trajectory state estimate PDF is a set of track
components in the manner of ITS, where each track component corresponds to a unique
measurement history. 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 depends on the estimator applied for each track
component. In this paper a KF state estimator for each track component is performed, 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:

Gy
P 182N =D 8 p(x 16,257 (10)
c=1

where ¢ denotes the track component, and & denotes the probability that measurement history

of track component c is correct, given target existence, and given measurement set Zk-1. Then, track
component PDF is given by the Gaussian function:

P 16,2 = NIx, 5% s Bopa] (11)

where is the sum of all component weights is:

G
251:—1 =1
c=1

(12)
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Each track component PDF is defined by the mean value fc,f_ll +— and covariance matrix P,f_l‘ ol

of target trajectory 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 KF prediction:

p(x e, 2 ZH) = N[xk;)%lak—l’}?cclk—l (13)

Thus, each track component (mean and covariance) propagates from time k£ — / to time k, by the

following:
)ACZVH = F;c)’eli—nk—l (14)
Bcc|k—l = F;chc—l\k—lF;cT +0, (15)
respectively.

3.2 Measurements Selection Step

In this step, each component generates a priori target measurements PDF. The PDF of the target
state estimate is the mixture of mutually exclusive component state estimate PDF. The component
state estimate PDF is conditioned on the target existence and component data association history
being the correct one and the track state estimate PDF is conditioned on the target existence.

Given the assumption of a linear system, this is KF innovations. This PDF can be used to select
possible target measurements. If a component does not select a measurement, it is assumed that the
corresponding measurement likelihoods are zero. Next, we select component within validation
region (gate) g, by the statistical distance, defined as:

d2 =z, =5 (5 (@, ~ 9D <g )

where, measurement prediction y, is calculated by the:

~C _ pync
Vi = Xy (17)

and S, coavriance of all component is obained by:
c __ 4 T
Sy =HE) H +R as)
A posteriori track state PDF is defined as Gaussian mixture of probability of component and
component state PDF by the:

Ny
Pr;i = p(zk,i ‘Zk aZ]H) = Zflf—lpli,i
=1 (19)
Where track component PDF is given by:
c - 1 AC c
pk,i=p(zk,i\§k,c,2k ‘)=FN[Zk,i;yk,Sk] (20)
G

Here, P, is probability that the probability the target measurement is selected, assuming the target

exists and is detected within validation gate.

3.3. Data Association Step
At begining of this step, a poteriori probability of target existence is calculated, by the:

AP{¢ 12
1-(1-4)P{¢ 127}

where measurement likelihood ratio at time k is given by the following equation:

¥, =P{(, |12} = (21)
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_ POl _ —1-P,P,+ PP, Lri

p(y, ‘;k i=1 Pr; 22)

Each measurement outcome 20 is paired with each old track component ¢ to create a new
track component. The likelihood, or a priori PDF of measurement z:i under the no measurement
merging assumption, is given by:

C/:
k— c c
=p(z, | .2 = ng—lpk—l,i (23)
c k-1
P =P | X Z27) = N(z452,8)) (24)
where measurements prediction is glven by the:
ka\k 1 (25)
and measurements covariance matrix:
Sy =HPF;_H" +R (26)

3.4 Update Step

At this step, each track update (by the KF update) is performed. Consider “'null” measurements
as the of non-target measurement clutter density in the kt scan and measurements (as the target
measurement clutter density) in the k scan. For “null” measurements, we have “null” component
state and covariance, by the following:

"c 0 _ »~c
T = Xaes 27)
and covariance, by the following:
c,0 _ pc
B =By (28)
KF reinforcement is given by the:
=HF, H "+R
¢ (29)
Component c¢ state and covariance (for the i* measuremets) is given by the KF update:
X =%, +K (2, — HEy, ) (30)
P;:\kl_(l K°H)P; i (I-K°H) +K°R(K°)" (31)
The new component probability is given by the equation:
I-P,F,, i=0
S
of = 2k (32)
ATy

ki
Finally, (for output purpose only) the track T state estimate and covariance is given by the
following equations:

)%lf\k Z ”AZV: (33)

C,T | NCT [ RCT §T Rt T
k\k Z Pk|k + Xk (xk|k) 1= X Xkik (34)

4. Results of Simulations

The application selected for the study was a two-dimensional (positions and velocities), four-
state radar surveillance problem in which the sensor observes both position coordinates. The area
under surveillance was x = [0; 1000] long and y = [0;1000] wide. Both dimensions were assumed
independent. The transition probability for the Markov Chain One model are chosen by A1:=0.98.
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Time interval of scanning is T = 1s. All experiments were conducted on the basis of multi target
tracking (MTT) for two targets scenario. Transition and process noise matrix are given by:

1 7T 00 T°/3 T?/2 0 0
01 00 2
Fe 0= T*/2 T 0 0
0 01T 0 0 T%/3 T%/2
0 0 0 1 0 0 T*2 T (35)

Measurements matrix and measurements noise covariance respectively, governed by the matrix:

2
0010 o, (36)
o; =0, =25[m’]

where . All experiments were conducted over two types of two-dimensional
scenarios. The total duration of both scenarios is 60 scans, repeating over 250 Monte Carlo
simulations. All experiments are performed via MATLAB 2015b software. Computer is operate by
Intel Core i5=4460 @3.20 GHz processor, with S8MB DDRAM 4 memory. In the experiments, all tracks
are initiated with probability of initializing (probInit). Results are given by the Tablel. When the track
quality measure rises above a confirmation threshold, the track is confirmed (probConf) and when
the track quality measure falls below the termination threshold, the track is terminated (probInit/3).
The thresholds are determined experimentally to deliver approximately equal numbers of confirmed
false track statistics. With the confirmed false tracks statistics approximately equal across all tracks,
the success rate of confirmed true tracks allows us to compare false track discrimination performance.
Before the start of the simulations, it is necessary to set the same level confirmed false track. This is
done by simulating the algorithm without the presence of the targets, for a 250 MC runs. The
following definitions of true and false tracks are used:

1) Each initiated track is false with respect to all existing targets.

2) A false track becomes a true track with respect to a target when the state estimate is sufficiently
close to the true target state.

3) A track that is true with respect to a target remains true for as long as it selects the target
detections.

All results are provided via a plot of the confirmed true tracks,(CTT) diagrams, the overall
root mean square error (RMSE) of position, tracking parameters table and normalized tracking
efficiency versus probability of detection parametric diagrams. The parameters (per experiment)
abbreviated as:

- faTrSum, sum of false true tracks,

- coFalD, number of confirmed false tracks,

- conTrPeak, total number of confirmed true tracks,

- CPU time, processor time (for one iteration of algorithm).

For all algorithms, a confirmed false track is present in approximately (average) 20 scans out of
total 250 x 60 = 15 000 scans in each simulation experiment. False tracks may be initiated using target
measurements, either in conjunction with a clutter measurement, or by using measurements from
different targets in different scans. Also, tracks becomes true, when cross the threshold and no longer
true, when is greater than known threshold.

4.1. Results of Experiments (Scenario 1)

In the scenario 1, two targets move in a straight line at a constant speed. In the second part of
the scenario (in about 37 scan), the targets intersect and continue to move in a straight line until the
end of the experiment.
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Figure 2. Confirmed true tracks diagram (scenario 1): a) clutter density p = le”m™ , b) clutter

density p=35¢7m™ ) clutter density p =le *m™, d) clutter density p=2e'm™.

Figure 3. shows the RMSE of position (overall) diagrams for different clutter measurements
parameters. A RMSE position error grows slightly, due to the appearance by the clutter density
increasing.

Overall RMSE of Position (scenaio 1) p = le”
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(©) (d)

Figure 3. Overall RMSE of position (scenario 1): a) clutter density p =1le”m™ , b) clutter density

p=5e"m?, c) clutter density p =le *m™, d) clutter density p=2e'm™.

4.2. Results of Simulations (Scenario 2)

The second scenario contains a combined movement of the target (with a maneuver and without
a maneuver). In this scenario, at beginning, both targets move in a straight line, at a constant speed,
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towards the center of the surveillance region, for 15 scans, after which they enter a left maneuver (CT)
with an angular speed of pi/20, for duration of 6 scans.

Table 1. Track parameters (scenario 1).

Pm] Po 09 08 07 06 05 04

faTrSum 246 204 148 125 45 85
les coFalD 281 171 109 57 20 22
conTrPeak 500 500 500 500 499 487
Cpu 059 0.63 067 069 063 0.67
faTrSum 86 105 61 45 12 52
5e coFalD 80 55 34 17 4 7
conTrPeak 500 500 500 499 485 373
CPUtime 348 318 345 412 45 491
faTrSum 24 86 85 42 0 40
Tle4 coFalD 26 28 17 8 0 4
conTrPeak 500 500 500 491 428 191
CPUtime 7.00 754 98 103 112 113
faTrSum 24 79 50 4 27 -
2e+ coFalD 14 21 9 2 2 -
conTrPeak 500 499 492 409 212 -
Cpu 16.1. 165 169 168 17.8 -

Then they continue in a straight line with a constant speed of 15 scans, after which they enter a
right maneuver lasting 10 scans, with an angular velocity of pi/20. In the last 10 scans of the scenario,
the targets continue to move in a straight line until the end of the scenario.

50 5

Sarulation seenario 2 p— le-f

[E:) of

W
X puitn [e]

£
Xaw]

(a) (b)

s o
Simulation scenzrio 2: p = le-4 Simulation scenario 2: p 4

+ position
¥ position [m]

(©) (d)

15,2 &5 2
Figure 4. Simulation scenario 2: a) clutter density p=le"m , b) clutter density p=5e"m ,C)

1,4 2 P
clutter density p=le’m , d) clutter density p=2e"m .
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Table 2. Targets tracking parameters (scenario 2).

om?] Pp 0.9 0.8 0.7 0.6 0.5
faTrSum 966 1607 2644 4358 5568
le® coFalD 1062 1316 1282 1376 1150
conTrPea 500 500 500 490 453
k
Cpu 051 055 0.6 0.63 0.68
oAm?] Pp 0.9 0.8 0.7 0.6 0.5
faTrSum 1462 2673 4247 5669 5246
5e5 coFalD 1061 1225 1286 1101 608
conTrPeak 500 499 489 426 294
CPU time 293 3.21 345 417 453
faTrSum 1950 3615 4996 5353 2901
1le+ coFalD 1040 1185 1045 708 253
conTrPeak 499 482 435 333 253
CPU time  7.22 7.65 10.1 10.7 11.3
faTrSum 2929 4631 4559 2297 -
2e+ coFalD 1059 961 602 187 -
conTrPeak 490 440 303 126 -
Cpu 16.6 17.1 17.1 18.3 -

1e*

Confirmed true tracks diagram (scenario 2): p =

(a)

Confirmed true tracks (scenario 2) p=le”!

(©)

Confirmed true tracks (scenario 2): p =3¢~

(b)

(d)

Figure 5. Confirmed true tracks diagrams (scenario 2): a) clutter density p = le”m™, b) clutter

density p=5e¢7m™, c) clutter density p = le™*m™, d) clutter density p =2e"'m™.

Figure 6. shows the RMSE of position (overall) diagrams for different clutter measurements
parameters. A significant increase in the tracking RMSE error to the level of the impossibility of

do0i:10.20944/preprints202307.1436.v1
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effective tracking is clearly highlighted, due to the appearance of maneuvers in the target's trajectory
and an increase in the density of clutter. It can be seen that clutter densities greater than p =1e™*m™

with a medium maneuver level indicate the end of effective tracking.

5 Overall RMSE of Pogifion (scenaric 2): p = 5o

Overall RMSE of Position (scenario 2): p =1¢”
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Figure 6. Root mean square error position diagrams (scenario 2): a) clutter density p = le”m™, b)

clutter density p=5e m™, c) clutter density p =1le*m™, d) clutter density p =2e *m™.

Figure 7. shows the normalized tracking efficiency versus probability of detection parametric
diagram for both scenarios.

Tracking Efficiency vs Probability of Detection -Parametric Diagram (scenario 1)

“Iracking Efficiency vs Probability of Detection -Parametric Diagram {scenario 2)
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Figure 7. Normalized tracking efficiency vs. probability of detection-parametric diagram a) scenario

1, b) scenario 2

At Figure 7.a), are given results of tracking efficiency for scenario 1. It can be seen that the ITS
algorithm, for clutter density p=2¢*[m™”] measurements per scan has full performance for Pp = 0.8

while efficiency starts to drop at Po=0.7. For clutter density p=1¢"[m™] measurements per scan ITS
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has full performance for Po = 07 while efficiency starts to drop at Po = 0.6. For clutter density
p=5¢[m™?] measurements per scan ITS has full performance for Pp = 0.6 while efficiency starts to
drop at Pp = 0.5 and for clutter density p=1¢°[m™>] measurements per scan ITS perform full
performance for Po = 0.5 while efficiency starts to drop at Po = 0.4.

At Figure 7.b) shows normalized tracking efficiency versus probability of detection parametric
diagram for scenario 2. The influence of the maneuver is evident, because the tracking results are
weaker under the same tracking parameters. It can be seen that the ITS algorithm, for clutter density
p=2e"[m™] measurements per scan has full performance for Po = 0.9 while efficiency starts to drop
at Pp=08. For clutter density p=1¢*[m?] measurements per scan ITS has full performance for Pp
= (0.8 while efficiency starts to drop at Po = 0.7. For clutter density p=>5¢7[m>] measurements per

scan ITS has full performance for Po = 0.7 while efficiency starts to drop at Pp = 0.6 and for clutter
density p=1¢°[m™?] measurements per scan ITS perform full performance for Po = 0.6 while
efficiency starts to drop at Po=0.5.

Below these probabilities it is not possible to achieve fully automatic tracking of multiple
maneuvering targets.

4. Discussion

Assuming that the target is effectively tracked in the part of the trajectory where the level of
confirmed real tracks reaches the value 1, the user can conclude the following with respect to the
known parameters of clutter density and detection probability:

- for a clutter density p=1¢”[m?] measurements per scan, targets in constant velocity (CV)

motion mode can be efficiently tracked up to a detection probability of 0.4, while maneuvering targets
can be efficiently tracked up to a detection probability value of 0.5.

- for a clutter density p =5¢7°[m™], targets in CV motion mode can be efficiently tracked up to a
detection probability of 0.5, while maneuvering targets can be efficiently tracked up to a detection
probability value of 0.6.

- for a clutter density p=1e™[m™] measurements per scan, targets in CV motion mode can be
efficiently tracked up to a detection probability of 0.6, while maneuvering targets can be efficiently
tracked up to a detection probability value of 0.7.

- for a clutter density p=2¢"[m™] measurements per scan, targets in CV motion mode can be

efficiently tracked up to a detection probability of 0.7, while maneuvering targets can be efficiently
tracked up to a detection probability value of 0.8.

If target maneuvers are expected, it is necessary to include more target dynamic models, via the
(for example) interacting multiple model - IMM algorithm.

5. Conclusions

The paper investigated and determining the limits of effectiveness for ITS -multi target tracking
algorithm with different environment clutter density and probability of detection ability. The well-
known ITS algorithm is given in theoretical and practical form and then its tracking efficiency is tested
on different examples of clatter density and detection probability. The presented analysis and results
provide the user with practical advice when choosing important parameters of the monitoring
system. The values of the parameters in which the algorithm can still work efficiently are defined, so
that the user has the opportunity to choose the optimal value of the tracking algorithm parameters.
Extensive experiments showed that the dominant influence is the type of trajectory (with and without
maneuver) and the density of clatter, while the probability of detection is a less significant parameter.

Further research should eliminate the influence of the maneuver (for example, using an
interacting multiple model -IMM).
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