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Abstract — This paper proposes a procedure for comparison afonfirmed and presented to the operator or next processing
target tracking filters in cluttered environment, using simulatelgvel. When a track is considered to be a false track, it is

experiments. Important simulation issues, including track genergerminated. We call this process “False Track Discrimina-
tion and retention across simulation runs and true track definitiofgn”.

are discussed. False track discrimination is identified as an im- Target tracking algorithms are usually evaluated and

portant target tracklng fllter performance measure. This measuf mpared using a simulation study. There are a number
has two components; confirmed true track statistics and confirmeg.

false track statistics. In order to meaningfully compare false trac! |§Sues to consider when designing a t.arget_tracklng al-
discrimination capabilities of target tracking filters, we suggeﬁor'thm’ however the more usual ones, listed in the usual

optimizing true track statistics, while using false track statistic@rder of importance are:
as the optimization constrains. The optimization procedure is de- L
scribed, and the importance of correct parameter selection is il- ® False track discrimination,

lustrated. . .
e Track maintenance (long term track retention),

Keywords: target tracking, false track discrimination, optimiza-
tion, steepest descent, quasi-Newton, Nelder-Mead simplex ¢ Reliability/Robustness of tracking algorithm,

1 Introduction e Track estimate/prediction errors, etc.

. . . N Of course, these priorities may differ for different track-
Data association algorithms deal with situations where L . .

ST INg application. When presenting new algorithms for tar-
there are measurements of uncertain origin. In many rada

and sonar applications, measurements (detections) Or%at tracking in clutter, authors usually concentrate on the

. . se track discrimination and track estimate errors. This
nate from both targets and non-targets, i.e from various ob- ) : .
. ; . aper presents issues raised when several algorithms have
jects such as terrain, clouds etc and from thermal noise. Un-

q be compared with each other, specifically comparison of
wanted measurements are usually referred to as clutter. In. . SRHRT
their performance regarding the false track discrimination.

addition target measurements are present at each measl'f'%ﬁ'so resents an optimization procedure to improve false
ment scan with only a certain probability of detection. In P P P P

. L2 track discrimination.
a multi-target situation, the measurements may have orig-

inated from one of several targets and the number of suchThere Sa variety of algorlthms for target.tracklng in clut-
Algorithms can address single or multiple target track-

measurements is generally unknown. The numberoftarg&:e[[c; Th be sinal lqorith it th
and their trajectories are generally a priori unknown. INg. They can be singie scan aigorithms, 1t th€y compress
" . L measurement history into one track state estimate, or multi
Under such conditions automatic track initiation creates . . .
sean algorithms, if they keep measurement history separate
true tracks (from target measurements) and false tracks .
: . over a number of scans. The issues and procedure presented
(from clutter). In the course of track evolution and main- : ) ;
elow are valid for PDA based single-scan target tracking
tenance, true tracks may become false due to lack of Sorithms. however. we believe. thev are applicable for
tections, clutter measurements, target maneuvers which ' ' \eve, they bp
: . above classes of target tracking algorithms. For reasons of
track filter could not follow, etc. Equivalently, false tracks.” "~ . N . .
] simplicity and clarity, in this paper we will use single-target
may become true tracks if target measurements are use . : : o2
Single-scan target tracking algorithms, and illustrate it using

0 update.' For pra}ct!cal PUrposes, target tracking requlr%%egrated Probabilistic Data Association (IPDA) algorithm
a mechanism to distinguish between true and false tracks,

without a-priori knowledge of target existence and trajec- _'I_h f1h . ved as foll Fal K
tory. When a track is considered to be a true track, it Ef .er_est ° t-e Paper s organized as follows. Faise trgc
Iscrimination is defined in Section 2. Simulation and is-

IThis research has been supported by the Centre of Exper§&€s With false track discrimination comparison of target

in Networked Decision and Sensor Systems and funded by fiacking algorithms are presented in Section 3, followed by
Defence Science and Technology Organisation Australia the optimization of target tracking algorithms in Section 4.




2 False Track Discrimination single or a small number of environment/target trajectories.
. e Therefore, these results should be taken only as indicative
Target tracking filtering is, in a large number of cases, a . L . .
: . . . ~'and further comprehensive evaluation is advised before im-
Bayesian recursion. Bayesian recursions assume existence o . )
o o " ; . plémenting the tracking filters in practice.
of initial probabilities / probability density functions (pdfs). Some of the parameters and the usual simlifications are
Therefore, the details of the initialization process are usngiefl outlined Eelow usuat simpificat
ally not part of tracking filter presentations, with some ex- s y i ' h King fil
ceptions asin[2, 3]. The usual procedure is to initiate tracks Ensors provide mea_surements to_ t e trac Ing |ters.
using two “near enough” measurements in two consecuti%al sensors are non-linear, have finite resolution (will
scans, using a “two-point differencing” procedure [2, 3]. merge measuremer_ns within resolution ‘iqells") which also
To distinguish between true and false tracks, practical tzﬂgp?ds OS the environment, .the probablll'lty of tfargeF detec-
get tracking in clutter requires a track quality measure pn £p an dmea;urement ”O'ﬁ‘afe non- |_r|1_(:]ar uncltlo'ns i
be updated using available measurements. Different trafi—ta_rget_ an enwronmefr_lt _propertles ete. | € usuz i'mp -
ing filters use different names for the track quality me ch(ajnon IS t(;;ssun;e |nT|rr:|te senl_sor reso l]ft'ﬁn and known
sures. MHT [4] uses a track score function, IPDA [1] used! constanf’p and R. The non-linearity of the sensor is

the probability of target existence, IMM-PDA [5] uses th&'SO Sometimes ignored, specially when comparing target

probability of target detectability, etc. The usual proceduFEaCk'_ng f|Iter§. i ) ) ]
(with some variations) is to declare a track to be “true” Initial tracking filter comparison usually simulates a sin-

when the track quality measure rises above a certain pf€ target case with well defined trajectory, with constant
defined value, which we call in this paper the confirmdnd knownPp and either a straight line trajectory or a well
tion threshold, and to declare a track to be “false” when tifl¢fined maneuvering trajectory when the data association is
track quality measure falls below another predefined valg@mPined with maneuvering target tracking.
which we call in this paper the termination threshold. In The choice of clutter measurement distribution can influ-
the simplest case these thresholds are constant, althou§fée the target tracking filter comparison results. Usually
better result [6] can be obtained when the thresholds Vé}giform clutter density is assumed and simulated. In the
with track age. When tracking filters are compared, for refgal world, however, clutter density is usually non-uniform.
sons of simplicity usually constant thresholds are used. THarget tracking filter equations use clutter density estimates
tacit (and non-rigorous) assumption is that the relation “bdfl data association and track quality calculations. If the
ter tracking filter” under constant thresholds regime woufgutter is uniform, the target tracking filters with a large
also hold under variable thresholds regime. In this paper welection gate have better estimate of clutter density; the
consider only the constant thresholds case. opposite is the case when the clutter is non-uniform. As
An initial track state estimate pdf is calculated using th@on-uniform clutter happens more often in the real world,
measurement coordinates. The initial track quality deperfdi®re realistic simulations v_vould have non-uniform clutter,
on a single parameter. This parameter can be used dire@fyeast along the target trajectory.
as the initial value of track quality, or it may be used to- Each algorithm is compared using simulations. The sim-
gether with an a priori value of the clutter measuremeHtations usually consist of a number of simulation runs,
density to calculate the initial value of track quality [3]. Invhere targets re-appear at the beginning of each simulation
the text below we call this parameter the initial track qualitjun, and the performance statistics are accumulated. The
parameter. number of simulation runs should be large enough to ob-
Thus, in the simple case of constant thresholds, there & performance statistics with a high degree of confidence,
three parameters which control false track discriminatiotpually200 or more. One should be careful to ensure that
process: the confirmation threshold, the termination thregtch simulation experiment uses the same random data [6]

old and the initial track quality parameter. including target trajectories and detection sequences, mea-
surement noise and clutter measurements. All simulation
3 Target Track Filters Simulation and experiments should use the same track initiation procedure
. unless, of course, it is the track initiation procedure that is
Comparison P

being evaluated. Usually, each simulation run starts with
A simulation study is usually used to (initially) evaluate and new track initiation, i.e all tracks in the previous run are
compare target tracking filters. A simulation is an imitadiscarded. This is correct for true tracks and undesirable
tion of reality, there is a tradeoff between computational réer false tracks. In the real world, target tracking filters are
sources required, complexity of the model of reality and thesed continuously and there is a steady-state distribution of
degree of confidence in statistical simulation results. Thiee number of false tracks. To achieve this during simu-
number of parameters that the tracking process dependdagion, false tracks should not be discarded at the end of a
is large, making it virtually impossible to exhaustively tessimulation run (only at the end of a simulation experiment),
and compare target tracking filters. This can sometimistead the false tracks should be terminated only during the
lead to erroneous conclusions. As shown in Fig. 1.a obrmal false track discrimination process, or when process
[11], different algorithms can be declared better in differetegistics dictates so, i.e when tracks are outside the surveil-
combinations of environments/target trajectories. Such dance area or merged with another track.

haustive simulations are often not practical in research insti-Target track filter performance statistics requires each
tutions and the reported/published work is usually based tvack to be classified as either a true or a false track. The



true track definition requires careful consideration. If atrue  will let us reach conclusions regarding the robustness
track is declared false by mistake, it is likely to be con-  of the algorithms.

firmed and will substantially alter the false track discrimi-

nation statistics. If a false track is declared true by mistake,® For each algorithm find the optimum set of parameters
it is likely to alter substantially the state estimation error ~ for the environment. This will reduce the randomness
statistics. The definition of the true track being a track ini-  ©f the first choice and also show the limits of each al-

tialized by target measurements will fail to recognize the ~ gorithm in the simulated environment. This is our pre-

event of a false track becoming a true track. The definition ~ferred option.

of the true track being a track which selects target measure- .

ments will falsely declare as a true track a false track with W& choose the following procedure:

a large selection gate crossing the target trajectory. Also,

this definition does not recognize the event that a true track®
becomes false in an environment of moderate to Ry
Instead, we use the following statistics:

determine the acceptable value of the false track statis-

tics.

o for each tracking filter chosen, use a separate optimiza-
tion procedure to maximize true track statistics, while
- 1 1) using the chosen value of false track statistics as an
Xt = (H (& —xx))” (HPHT) " (H (&) — 1)) optimization constraint.

X5 = (i‘k — .rk-)T Pk_l (ik — Ik)

wherek denotes time instant;. and ), are the track state |, thjs fashion all algorithms compared will have (almost)
estimate mean and covariance respectivalyis the target the same false track statistics and the true track statistics
state and{ is the measurement matrix. Whep < x s for  wij| pe a meaningful tool to compare target tracking fil-
afalse track, the false track becomes a true track. When {igs ot |east as far as the simulation environment is con-
statisticsy; > x: for a true track, the true track becomeg;gered. This procedure also removes subjectivity from the
false. True-to-false thresholg ; should be at least as bigparameter choice and the possibility to randomly (or sub-
as the gating threshold. consciously) pick parameters which favor one filter over the
False track discrimination has two measures: true aggher, While this still leaves open numerous questions, such
false track statistics. The true track statistics may be thg target tracking filter reliability and robustness, it is a sys-
peak probability of true track confirmation; however for 0pgamatic way to compare target tracking filters with limited

timization purpose, we believe it is better to use computational resources.
S Z Z T(r, s) A short note on the track estimate errors comparison:

The track estimate errors statistics are most often performed
on confirmed true tracks only. During simulation runs, due
whereT'(r, s) equals one if there was a true track confirmeg different effectiveness of false track discrimination per-
in simulation scars of runr, and zero otherwise. In thisformance of target tracking filters, different target track-
paper this will be referred to as the true track statistics. Iy algorithms will have confirmed true tracks in different
similar style, a reasonable false track statistic is defined agns/scans. For reasons of objectivity, track estimate error
statistics should be gathered only in runs/scans in which all
o= >, Y Frs) tracking algorithms have confirmed true tracks. Otherwise,
the algorithms with more efficient false track discrimina-
where F(r, s) is the number of confirmed false tracks irtion properties will get penalized as they will confirm true
simulation sca of runr. In this paper this will be referred tracks in more difficult situations with corresponding higher
to as the false track statistics. estimation errors.

When evaluating and comparing target tracking algo- As each simulation experiment takes considerable re-
rithms, it is important to use both true and false track statiseurces, often of the order of hour(s), it is important to
tics. Unfortunately, authors often use fixed false track disarefully choose optimization algorithms to minimize the
crimination parameters for all target tracking filters beingumber of simulation experiments necessary for optimiza-
compared, ignore (or do not mention) the false track statigon.
tics and use only true track statistics. Also, false track dis-
crimination results for a given target tracking algorithm will Optimization Algorithms
depend on the parameter choice. A couple of options are
possible: Denoting true track statistics by false track statistics by,

the initial track quality parameter hyy, track confirmation

e Choose random values and manipulate the terminatlﬁﬂeshmd byy, track termination threshold by, we write
thresholds until all filters deliver the same false trac,o problem as follows '

statistics. As shown below it may lead to dubious con-

clusions. {to,7m,(}* = arg max 7 2
$0,m,¢

reruns s€scans

reruns s€scans

e Evaluate algorithms for the whole range of parame-
ters and then combine the results using some averagbject to
ing procedure. This is clearly not practical, although it o < oy, 3)



whereoy is the chosen value of false track statistics. , ™™ 77" ™" Number of True Tracks
non-linear programming algorithm, such as the method

penalizing functions [7] can be used to solve this probler
We reformulate the problem as follows:

Termination Threshold

{ho,n, ¢} = arg max (T — A,9?), (4) B i
'4/)0 B Number of False Tracks
where 3
=
A, >0,s=1,2,---, lim Ay = 400 (5) g
S—00 5
kG
. . 0.93 0.94 0.95 0.96
0 f < Confirmation Threshold
IT o (o
b — ’ - >~ 00, (6) - o
o—oo, Iifo>o. Fig. 1: True and False Track Statistics fay = 0.1

Having transformed the non-linear programming problem N 1 . L
into an un-constrained optimization problem, we then u%the direction—H "V f(x). When analytic derivatives

an unconstrained optimization method to tune the paranf&e not available, evaluation of finite difference gradients
(i?computationally expensive. Therefore, another interpo-

ters of the target tracking filters. Since analytical forms f ?t' loxt lati thod i ded so that aradient
7 ando are not easily deductible, a numerical optimizatio lon/extrapolation method IS needed so thal gradients are

method is needed. Although a wide spectrum of methoagt evaluated at every itgration. The apprqach iq these cir-
exists [7, 8, 9, 10] for unconstrained optimization, they canStij?s’ Whir.] gradlen}s are not gegdgy gvgnable, uses
be broadly categorized in terms of the derivative inform#&- duadratic or cubic interpolation metho [7.8,9].

tion that is, or is not, used. Search methods that use On%/The Nelder-Mead simplex method [10] uses the simplex

function evaluations are most suitable for problems that ar arch method. This is a direct search method that does

very nonlinear or have a number of discontinuities. Gradiot use numerical or analytic gradients.nlis the length

ent methods are generally more efficient when the functi&f]X' a s;n;plt(_ex |tnn—d|tmenti|o?al sptace 'f. charZ(t:terlzr?dtby
to be minimized is continuous in its first derivative. Highe en + 1 distinct vectors that are Its vertices. At each step
order methods, such as Newton's method, are only rea‘gghe search, a new point in or near the current simplex is

suitable when the second order information is readily a neratgd. The function valu.e atthe new pointis compared
jth the its values at the vertices of the simplex and one of

easily calculated, because calculation of second order inf Y . laced by th Nt qivi ;
mation, using numerical differentiation, is computationall € Vertices IS replaced by the New point, giving a new sim-
lex. This step is repeated until the diameter of the simplex

expensive. < | than th ified tol
Gradient methods use information about the slope of thpl€ss than the specied toerance. :
This method is generally less efficient than gradient

function to dictate a direction of search where the minimum thods. M hen th blem is highlv di

is thought to lie. The simplest of these is the method &ioassihe l?lve\zlﬁjveert,MvgaznsimeIsiomstrﬂolj mlig htB/be:S;c())?t-a
steepest descent in which a search is performed in a dirgoef)ust ' P 9

tion -V f(x) wherev f(x) is the gradient of the objective Fi .1 shows true and false track statisticand o for
function. Of the methods that use gradient information, tt?_e 9-

most favored are the quasi-Newton methods. These mefﬁ?d value of initial probability of track existenag, and

ods build up curvature information at each iteration to fo%’-?dzmg values of terminatiog and confirmatior thresh-

mulate a quadratic model problem of the form . . N
In our simulations we used all tree optimization algo-

rithms: Steepest Descent, Quasi-Newton and Nelder-Mead
Simplex Method. Latter with apparent superiority in speed
) o - o of convergence to the gradient methods; in some cases
where the Hessian matriX], is a positive definite symmet- by an order of magnitude improvement in the number of

ric matrix, ¢ is a constant vector, aridis a constant. The reqyired simulation experiments needed to reach conver-
optimal solution for this problem occurs when the part'ﬂence.

derivatives ofx go to zero. Newton-type methods (as op-
posed to quasi-Newton methods) calculatalirectly and 5
proceed in a direction of descent to locate the minimum
after a number of iterations. Calculatifgg numerically In this section we give an example to illustrate how the
involves a large amount of computation. Quasi-Newtazhoice of parameters can affect the overall performance of
methods avoid this by using the observed behavigf(af) the target tracking filter. Two target tracking algorithms are
to build up curvature information to make an approximazompared; IPDA [1] and IMM-PDA [12], in an environ-
tion to H using an appropriate updating technique [7, 8, 9fent of non- homogenous clutter.

The gradient information is either supplied through analyt- Each simulation experiment consists of 1000 runs, each
ically calculated gradients, or derived by partial derivativesin has 50 scans. A 2-dimensional surveillance situation
using a numerical differentiation method via finite differwas considered. The area under surveillance Wa8m
ences. At each major iteration, a line search is performkxhg and400m wide. The false measurements satisfied a

f(x) = %XTHX +cTx+b @)

Importance of Parameter Selection



Poisson distribution with densiB.0 - 10~°/scan/m? over The parameters for each case are shown in Table 1. As
the area except for two patches with five times this clupresented in Figure 2, using optimized parameters we reach

ter density. The high clutter density patches are rectahe conclusion that in this environment IPDA may have ad-
vantage over IMM-PDA. Using the “IMM-PDA optimized”

gular with corner coordinat€Ss:,,in, Tmaz, Ymin, Ymaz) Of
and “IPDA random” curves, we reach the opposite conclu-

(330,490,203, 303)m and (715, 840, 100, 200)m. A sin-

gle target follow a uniform motion trajectory past the edgeson.

of the heavy clutter patches.

A two dimensional radar system was modelled and me@- Conclusion

surements of track position were provided. The measutg-, et comparison of target tracking filters is important

ment noise was s_|mulate_d with standard deviatiofiofin both when a filter choice needs to be made for a particular

range and mrad in b.earmg at the rangekm. The proba- application, and when presenting a new or improved target

bility of target detection was chosen o B = 0.7. The . ying filter in a publication. The usual procedure of ig-

statistics of |_nterest was the total number of cqnﬁr med tr ring false track statistics and using the same, somewhat

tracks over time of target appearance. Track |n|t|at|(_)n anh ndomly chosen, set of parameters for all filters compared

the Frue and fa_lse tr_ack termination were as de_scrlbedi not the best approach. This paper proposes a rigorous

section 3. Confirmation thresholds. fqr each algorithm were systematic procedure for comparison of target tracking

chosen to have the false track statistic equal to 50. filters in a cluttered environment. The importance of the
ability of filter to discriminate false tracks is outlined. A ba-
sis for comparison is firmly established by optimizing true

1000 . . L2 L .
R e track statistics while maintaining similar false track statis-
950- y **/ Y VRS tics, for each tracking filter separately.
Y bl
900- Py 00 .
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