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Abstract — The Integrated Probabilistic Data Association
(IPDA) type filters provide estimates of the underlying target prob-
ability of existence /perceivability/visibility as well as track state
maintenance. These quantities are conveniently used as track
quality measures and can be used for track confirmation and ter-
mination. In this work five filters of this type are investigated and
evaluated in a low elevation sea-surface target tracking scenario.
The sea-surface induced multipath fading reduces the detection
probability of the target at certain ranges which can lead to track
loss. In this paper we evaluate the IPDA type filters in such sce-
nario.

Keywords: PDA, IPDA, IMMPDA, EB-PDA, VM-IPDA,
Markov chain 2, Target tracking, Multipath fading.

1 Introduction

A class of target tracking algorithms based on the probabilistic
data association (PDA) [1] can provide probabilistic measure on
target existence /perceivability/visibility as well as target state es-
timates. We refer to this class of algorithms as IPDA type filters
and the additional statistic measure as track quality measure. Au-
tomatic track initiation in clutter will initialize true tracks which
follow targets as well as false tracks which do not. We want to
confirm true tracks and terminate false tracks. With on-line track
quality measure, the IPDA type filters can be used for track con-
firmation and termination, as well as the state estimation of tracks.

When tracking a single target in the presence of clutter, more
than one measurements may be received at each scan after gating
(measurement validation) process which eliminates measurements
that fall outside a specified confidence region [2]. In general, track
maintenance using false measurements can lead to serious filter
divergence problem. Therefore, a data association technique is re-
quired to differentiate target originated measurement from clutter.
The standard PDA technique which incorporates Kalman filter for
tracking in clutter has a moderate computational load and a rea-
sonable performance [3]. PDA uses all validated measurements
weighted with the posterior probability that the measurement is
the target measurement. It also approximates estimation proba-
bility density function (PDF) with a Gaussian PDF. However, it
is unable to provide the information on track quality measure di-

*This work is supported by Defense Science Technology Organization
(DSTO) through TDFL, the Center for Sensor Signal and Information Pro-
cessing (CSSIP) and the University of Melbourne.

and

d.musi cki @ee.mu.oz.au

rectly because it assumes that the underlying target always exists
and is visible with the probability of detection Pp.

IPDA type filters are based on the PDA technique and they in-
corporate various models for the underlying track quality measure.
The track quality measure is calculated in a recursive manner.

The Interacting Multiple Model Probabilistic Data Association
(IMMPDA) algorithm [4, 5, 6], proposed by Bar-Shalom et. al,
incorporates the interacting multiple model (IMM) estimation al-
gorithm with PDA technique and uses two PDA filters (models).
One model assumes that the target is visible with a known proba-
bility of detection. The second model assumes that the target is not
visible and is modelled with probability of detection equal to zero.
The posterior probabilities of each model are calculated in a recur-
sive manner and the probability of the visible model is then used as
the track quality measure. The IPDA, proposed by Musicki et. al
in [7, 8], has two options on choice of Markov chain models of tar-
get existence propagation. Markov Chain One, the default, recog-
nizes two possibilities: the target either does not exist, or it exists
and is visible with a probability of detection. Markov Chain Two,
denoted with IPDA as IPDA-M2, also recognizes the possibility
of target existing but not being visible. A Variable Markov Chain
IPDA (VM-IPDA) is presented in this paper. The VM-IPDA com-
prises both Markov Chain models. It uses IPDA for unconfirmed
and IPDA-M2 for confirmed track maintenance. A new formula-
tion of IPDA, the Existence-based PDA (EB-PDA), presented by
X. Rong-Li et. al in [9, 10], replaces target existence hypotheses
with that of target perceivability. Target is perceivable if it is both
existent and visible. All algorithms mentioned in this paragraph
provide both data association formulae and probability of target
existence which serves as track quality measure.

The problem of multipath propagation of the signal received by
the radar from a low elevation sea-surface target has been studied
in the literature [11, 12, 13, 14]. Sea surface acts like an imper-
fect mirror for radar signals. Because of this, the radar signal can
reach target and return to the receiver using four different paths.
Received signal, being the complex sum of the signals over dif-
ferent paths can be either amplified or attenuated. This is known
as multipath fading. The probability of detection can be severely
affected by multipath fading. Study on the impact of multipath
fading to target tracking is subsequently of practical importance.
An example of such case was described in [11] and we will adopt
it for evaluating the IPDA type filters.

In this paper we compare five algorithms, IPDA, IPDA-M2,
VM-IPDA, EB-PDA and IMMPDA using the scenario where tar-
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get detection probability varies due to multipath fading caused by
sea-surface signal reflections and in the presence of clutter. When
the target is in the low detection probability region, its track may
diverge and become a false track, or its track quality measure may
fall below the termination threshold resulting in the track termina-
tion. Unfortunately, very few references in such situation can be
found in the literature.

Following the introduction section, algorithms to be evaluated
are described in Section 2, the scenario for algorithm test, com-
puter simulation and result discussions are presented in Section 3
followed by concluding remarks.

2 Trackingwith IPDA Type Filters

A target trajectory is described by
Trt1 = Fop + wg 1
with equivalent (after liberalization) measurement equation
yr = Hxk 4+ vk 2)

where xj, represents target kinematic state (position, velocity,
etc.), F' and H are known matrices. w and v are white and in-
dependent system and measurement noise respectively and*

wy o~ /\/(wk; 0, Qk)
vk~ N(vk; 0, Ri) ©)

Target tracking problem is to find the posterior conditional PDF of
the target state p(xx|Y*) according to a measurement sequence
received up to time k. Since clutter is involved, the measurement
sequence in this paper is denoted as Y* = {Y1,---, Y3}, where
Yie = {yk, -,y *}, my > 0signifies the set of validated mea-
surements at time k.

All algorithms compared in this paper can also be used for auto-
matic track confirmation and termination as they recursively cal-
culate track quality measures. These are followed by a Markov
chain model on target existence/visibility/perceivability propaga-
tion. The nature of the IPDA and IPDA-M2 lead to a non-
reversible Markov state (i.e., a “non-existent target” cannot be-
come an existent target). On the other hand, IMMPDA and EB-
PDA implicitly assume that the target always exists and the events
related to target visibility/perceivability are reversible. In general,
they are all extension of PDAF and derived based on following
common assumptions:

e clutter is uniform/Possion distributed within the validation
gate. The clutter measurement density is not known a-priori-
non parametric model is used.

e estimation PDF is approximated with a single Gaussian PDF.
e at most one target exists.
e at most one validated measurement is the target detection.

e track has been initiated using, for example, two point differ-
ence method [3].

1A standard notation N (z; z, a) is used in this paper to denote a
Gaussian random variable  with mean z and variance o.

2.1 IPDA with Markov Chain One

The IPDA proposed in [7] is derived based on PDAF [3] by
introducing the concept of target existence. Two mutually exclu-
sive and exhaustive events associated with target existence were
assumed, and modelled as a random variable E},

Ey the target exists and is visible at time &,
E the target does not exist at time k.

The occurrence of these two events is modelled as a two states
Markov Chain with transition probability matrix

21 722

o= |: T T2 :| (4)

where

w2 P{Ey = j|Ex 1 =i}, i,j € {1,2}

m11 + 712 = mo1 + o2 =1

is the transition probability for (z, j)th entries and P{-} denotes
probability.
Data association events? are mutually exclusive and exhaustive:

0o : all validated measurements are false measurements;
0; : theith validated measurement is the target measurement,
and others are false measurements.

The mean number of clutter measurements inside the validation
gate of volume V;, is given by

meO
mg > 0

®)

. _fo,
k= { my, — PpPgP{E,|[Y* 1},

where Pp and Pg denote detection probability and gate (data
validation) probability respectively and P{E|Y*~'} is the pre-
dicted (a-priori) probability of target existence, which can be
obtained from the previous scan probability of target existence
P{Ex_1|Y* 1}, ie,

P{EL|Y* '} = i1 P{Ex 1 [V 4 ma (1= P{E_1|Y*'})
(6)

As in the standard PDAF [3], the target state estimate conditioned
on target existence and its associated covariance are obtained as

> Bik)iiy
1=0

me

i i aiT ni ail
E Bi(k)(Prjk + Zrjplrie) — Trplepe (1)
=0

Tpe =
Py =

where &, = &xp—1, Py = Pijx_1, K is the Kalman gain,
Pl—1 = (1 + qoIiXH) Py, is the corrected predicted error
covariance (1 > go > 0) discussed in [15], which takes gating
error into account. In our simulation go was zero for all algorithms
with minimal error considering our choice of Pg, @i\k and P,i‘k
are the state estimate and the state estimate covariance conditioned

260, 0; always signify the events occurring at time %, unless specified
otherwise.
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on the event ;. The data association probabilities are calculated
as below,

Bolk) = P{Oo|Ew, Y}
1— PpPqs
= —_—-2°¢ 8
=5, ®)
Bik) 2 P{OELY")
Vi A
_ Dt ©)
1— 0
where
PpPgll — Y= 57k AT my #£0
oL = my =1 10
- { PoPs mp=0 10
where
i & i - — i~
Ak = p(yil Br, YET1,00) = Po N (yis g, Sk) - (A1)
Sy, is the covariance of the predicted measurement .
The posterior probability of track existence is given by
_ k—1
plagyty = USRIV L)

1-— 6kP{Ek|Yk71}
which is the IPDA measure of track quality.

2.2 IPDA with Markov Chain Two

By considering that an existing target may or may not be visible
by a sensor, the events of the target existence at time & are [7]:

E.NE; =E} the target exists and is visible,
ExNEy = Ey the target exists and is not visible,
Ex the target does not exist.

Note that for IPDA Ej, = E} whereas for IPDA-M2 E), = Ef U
E.

As a consequence, the occurrence of the above events is mod-
elled as a three state Markov chain with transition probability ma-
trix given by

11 12 13
II=| w1 T2 o3 (13)
31 732 733
where
Somy= Yo =D om =
j=1 j=1 j=1
Markov Chain Two propagation is
P{E;|Y*"1} P{E}_,|Y*"'}
P{ER|Y*" 1} = T | P{E;_,[Y*'} | (14)
P{E,|YF 1} P{E,_,|Y*1}

The target state estimate and its covariance are conditioned on tar-
get existence and are also given by (7). The posterior conditional
probabilities of the track quality measure are given by:

(1= aw) P{ER|Y"""}

P{EYYFY = AP YT (15)
n P(ERIYF)

P{Ek |Yk} 1 7§kPIf‘{E;€’|Yk_1} (16)

P{EY*} = P{EIY"}+ P{ERIY"}  (17)

where §y, is given by (10) and

i, = my, — PpPP{EL|Y* "} (18)
The data association probabilities are given by [7]
_ vy k—1 n|vk—1
Bolk) = (1= PpPg)P{EL|Y" '} + P{E}|Y %19)
(1= 0 P{E[Y*1} + P{E;[Y*1})
Pp P& AL P{ER|Y*?
Bi(k) = o P s MPABLY" ) (20)
(1= o0 P{BYY 1} + P{EF[VF—1}
2.3 VM-IPDA

The implementation of VM-IPDA is inspired by the idea in
[8], where the IPDA-M2 is designated for maintaining confirmed
tracks only. Markov Chain Two with o1 = 1 and mae = w3 =
w2 = w32 = 0 becomes Markov Chain One model for target ex-
istence propagation. Thus, changing the value of (13), IPDA-M2
may behave like IPDA. VM-IPDA is implemented as IPDA-M2
with variable transition probability matrix of (13).

IPDA-M2 causes slower drop in the probability of target exis-
tence than others mentioned in this paper when no state estimate
update. However, the IPDA-M2 tends to tolerate more false tracks
in the track confirmation process while IPDA does not. Thus we
want design a filter which possesses the advantages of both IPDA
and IPDA-M2. In particular,

o we use IPDA until the track is confirmed.
e and use IPDA-M2 for maintaining confirmed tracks.

Since the above functions can be achieved with an IPDA-M2 by
changing its Markov Chain model, we call the new algorithm as
Variable Markov Chain IPDA, i.e. VM-IPDA.

2.4 EB-PDA

The EB-PDA approach in [9] incorporates the data association
events with target perceivability events rather than target existence
events. The process of the target perceivability is modeled as a
Markov chain with two states:

Ok a target is perceivable from a sensor ,
Ok a target is not perceivable from a sensor.

Similar to IPDA, the target perceivability transition probability
matrix is given by (4). EB-PDA implicitly assumes that the un-
derlying target always exists.

From Markov chain property, the predicted probability that a
target is perceivable is given by

P{Ok|Yk_1} = 7T11P{Ok,1|Yk_1}+7T21(1—P{Ok,1|yk_1})

(21)
and the posterior probability of target perceivability can be calcu-
lated using

P{Ow[Y"}

I
&
=
+

iNg
>
=

_ (=0 P{OY*!}
T 16, P{Ox|Y* 1} (22)

which is the measure of track quality. The posterior probability
that the target is not perceivable is given by
P{OY"} =

1— P{OxY*} =By(k)  (23)
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The data association probabilities are given by

1myg 1—-PpPg — P(Oy]Y*F )
5(k) = 1
Bo(k) c Vk( * hyPs f’“)1—5k1t>(()k|w—l)
Bo(k) = 1my 1= PpPq, (1—ex)P{Ox|Y* '}
0 T ¢Vi PpPg U 1—exP{OWY* 1}
1 Ai(k) (1 — ) P{Ok|YF 1}
(k) = = 24
ﬁ( ) C PG 1—€kP{Ok|Yk_1} ( )
where c is a normalization factor which can be obtained from the
relation
By (k) + Bo(k +§:& )=1
and
A
& = A
o PDPG myp = 0
ET O PoPo(l— 13T Ai(K) me #0

and the clutter density A is given by

mk:()

0,
A= { L[mk 7PDPG(175k)P{Ok‘Yk’71}] . me >0

Vi 1—ep P{Og|Yk—1}

Similar to (7), the target state estimate and covariance are given
by [9]:

my

Eppp = (ﬂo(k)+ﬁ6(k))§?k\k—1+Zﬁi(k)§72\k
=1
my
i ni o adl i adl
Py = Zﬁi(k)(Pk\kJrzk\kmk\k)*xk\kfﬂk\k (25)
i—0
where P, = Pui_1, P{j = Pl and @), = @9, =
Trlk—1-
25 IMMPDA

The Interacting Multiple Model PDAF, proposed in [5, 4], is
an application of IMM algorithm with two models. It is assumed
that a target always exists. At time &, two mutually exclusive and
exhaustive models, { M (k) = My} £ M} and {M (k) = M,} =
M} are assumed, i.e.,

M}
M? . target is not visible, or the detection probability

P =0.

Such process is modelled as a Markov chain associated with above
two models. The (4, j)th entry of its transition probability matrix
is defined as

P{My =j|My_1 =i} =my; i,j€1,2. (26)
Each recursion starts at time & with the mixed initial state estimate
and covariance of Gaussian mixture form

§ xk 1|k— i (

xk 1lk—1 k—1k—1)

the target is visible with a detection probability P} = Pp.

0i j
Pkfl\kfl k—1|k—1

= > ik =1k = D){P

5 . 0i i .0 T
+ [mifl\kq - mkil\k—l][x?gf1\k71 - xkil\kfll }

@)

where the mixing probabilities are determined by
mijpi(k — 1) T (k —1)
wii(k—1lk—1) = ! = (28)
Il ( | ) Zl2:1 ﬂ'ilﬂl(k‘f 1) /‘Ll(k‘“ﬂ*l)

where pi(k — 1) = P{Mi_,|Y* '} and pi(klk — 1) =
P{M;.|Y*~1} are the initial and predicted model probabilities of
model ¢ respectively.

A standard PDA procedure is then applied to each model with
validated measurements received at time & and the ¢ model based
state estimate is

Bip = Bo(R)Eh— + Zﬁ] i(klk) (29)
=1
with covariance P,i‘k, where it can be shown that
i _ (1 - PBPG)
ﬁo(k) - 1— 61
, PjLPg Vk A}
k = Tme J
B (k) -
where
5i . PDPG V" ka Ah myg >0
ke PDPG mg = 0
A = Pg'N (y; (k) g (), S'()) (31)
The updated model probability is
Zl 1 m(klk -1
(32)

and P{M;}|Y*} is the IMMPDA measure of track quality.
The output state estimate and covariance are

2
> e (k)
Jj=1

D i (P, + [y, — Exiell e — 2]}

(33)

Tpe =

Py =

3 Evaluation Study

The IPDA type algorithms are evaluated using simulation of a
low elevation sea-surface target tracking. Target detection proba-
bilities model variable target detection probabilities due to com-
plex sum of multipath signals. The track quality measures of the
IPDA type algorithms are used for automatic track confirmation
and track termination against pre-determined (separated) thresh-
olds.
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3.1 Detection model for the low elevation sea-
surface target

The target travels from a range of 30 Km to a range of 5 Km
at an altitude 50 meters and relative speed 312.5 m/s. The ex-
pected values of the observed signal to noise ratio (SNR) for a
S-band (frequency of 4 GHz) phase array radar 20 meters above
sea-surface are simulated based on the signal model developed in
[11], and shown in Figure 1, where it is assumed that signal from

30 T T

T
RMS sea—wave height: Solid: 0.1 m
Dash: 0.5:m

EXPECTED OBSERVED SNR (dB)

|
5 10 15 20 25 30
RANGE (Km)

Figure 1: Expected observed SNR by a S-band phased array Radar
due to sea-surface induced multipath propagation.

the target has a fixed-amplitude with an expected SNR of 16 dB
in the absence of multipath propagation. The radar was modeled
as vertically polarized with one-way 3 dB beamwidth 2° and the
antenna beam elevation angle is 1.05°.

It is observed from Figure 1 that, for a fixed detection thresh-
old of radar receiver, target may not be reliably detected at certain
scans and it becomes even worse if sea-surface reflection condi-
tion is better (e.g., the average Root-Mean-Square (RMS) sea-
wave height is about 0.1 m which corresponds to the solid line
plot). Taking these factors into account, we may model the tar-
get detection probability as a time function as shown in Figure 2
where we assume the detection probability to be Pp = 0.9 in

DETECTION PROBABILITY VIA TIME

o
©

o
©
T

o
3
T

o
°
T
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o o
IS @

T T

i
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©
T
i

L

L

o

50 60 70 80

Figure 2: Detection probability for data generation model

the absence of multipath propagation, Pp = 0.05 for the first,

Pp = 0.15 for the second and Pp = 0.45 for the third time
slots respectively. Clutter was uniformly distributed with density
D, = 0.12/Km?.

3.2 Track formation and maintenance

Track formation is implemented using the method described in
[4]. A tentative track is started for any measurement that does
not associated with any existing tracks. An acquisition gate is
then set up. It centered about the measurement and its volume is
determined by the expected maximum velocity of the underlying
target. An initial value of track quality measure is assigned for
each tentative track. All IPDA type algorithms discussed in this
paper have self-contained probabilistic statistics for track quality
measure. We use these statistics to confirm and terminate tracks.

Let xx denote the event that a track is true at time k.

A track is confirmed if

P{xxlY¥} >¢, 0<e<1 (34)
A track is deleted or terminated if
P{xxlY*} <e, O<e<ec<1 (35)

where c is the track confirmation threshold and ¢ is the track ter-
mination threshold. Both of them are assumed to be constants.
The probability P{xx|Y"*} is equivalent to

P{E,|Y*} for IPDA,

P{EF|Y*} + P{ER|Y*} for IPDA-M2 and VM-IPDA,
P{O:|Y*} for EB-PDA and,
P{M}|Y*} for IMMPDA.

In general, both ¢ and e take different values for different algo-
rithms at a given clutter density D.. Moreover, the performance
of an IPDA type filter is influenced by choices of the initial value
P{xoly(0)}, cande.

Two sets of ¢ and P{xo|y(0)} were considered for each al-
gorithm.  As shown in Table 1%, the Setl assigns identical
P{xoly(0)} and c for all algorithms. The Set2 is chosen via lim-
ited number of experiments in the effort to get a better compromise
between the number of confirmed false tracks and the percentage
of track loss can be achieved. As indicated in [8], obtaining Set2
should use an optimization programming procedure. However, as
you can see from the simulation results, the use of an optimized
set of parameters in the simulation for the comparison of multipath
signal fading effect is not essential.

Parameter Set TPDA__IPDAM2 _EB-PDA__ IMMPDA
Sl P{xoly(0)] 05 05 05 05
Setl c 0.08 0.08 0.08 0.08
SeZ  P{xoly(0)] 007 0.07 0.07 02
Set2 c 0.99 0.99 0.99 0.99

Table 1: Parameter Setl and Set2

For each algorithm the threshold ¢ is determined according to
the following procedure:
Assume that a true track becomes a false track at time k = t;
within surveillance region. This is simulated by removing target
detection from scan t1 = 40s. The track is then terminated at
time k = t with a time delay = = ¢ — ¢; for a given threshold

STable 1 IPDA parameters are also applicable for VM-IPDA.
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€. The values of e for each algorithm are obtained such that all
algorithms will have the same average termination time delay 7
over N successful* Monte Carlo runs:

N
1 i
T= >t —t)
i=1

Figure 3 shows a plot of average false track termination delay
T versus track termination threshold ¢, where N = 1000. Sen-
sor noise is assumed to be Gaussian zero-mean with standard de-
viations 300 meters in range and 0.75° in azimuth respectively.
The radar measurements (range & azimuth) are converted to local
Cartesian coordinates via method suggested in [16]. Target state
is described with position and velocity in orthogonal coordinate
system:

(36)

T = [il?, i‘, Y, y}
and state transition matrix I is
1 T 0 O
0O 1 0 O
F=l9 01 71
0O 0 0 1

where T" = 1 second is the data sampling period. The covariance
of system process noise is given by

T3/3 T%/2 0 0
T?/2 T 0 0
@=1 g o 7133 1?2 |1

0 0 T*)2 T
where q = 0.1 is chosen for a nearly constant velocity model [16].
Selection windows were used with the gating probability Po =
0.999.

The transition probability matrices used in the experiment for
the Markov chain model on target existent/observable are

0.98 0.02
n-[ o ot -
for IPDA, EB-PDA and IMMPDA and
0.93 0.05 0.02
II=1| 023 0.75 0.02 (38)
0 0 1

for IPDA-M2°.

The choice of the time delay 7 is such that it minimizes the
chance of deleting true tracks and keeping false tracks. In this
multipath fading scenario, a tracker could get no validated mea-
surement within several consecutive scans. Subsequently, it is de-
sirable that track termination time delay is greater than 4. In our
simulation, the average time delays = = 5 is selected and the cor-
responding track termination thresholds are given in Table 2 which
are obtained from Figure 3.

Figure 3 shows that full range of = for track termination thresh-
old selection is available for IPDA-M2, while the choice of the
for other three algorithms is limited considerably.

4A run where t2 < t1, i.e., track termination occurs before the true
track is terminated is not counted.

SIPDA-M2 values in Table 2 and Figure 3 are also valid for VM-IPDA
for confirmed tracks. IPDA value of 7 is used for VM-IPDA for uncon-
firmed tracks.

IPDA
5 0.0067

IMMPDA
0.0024

IPDA-M2
0.028

EB-PDA
0.0095

\]
Il

Table 2: Track Termination Threshold

TRACK TERMINATION THRESHOLD VA AVERAGE DELAYS

— IPDA

IPDA-M2
- EB-PDA ]
© | == IMMPDA

Average Delay

Threshold

Figure 3: Average false track termination delay.

3.3 Simulation and results
Two cases are considered.

Case 1 Tracker receives measurements observed in the absence
of signal multipath fading, i.e., the target is observed with
detection probability Pp = 0.9 for all time.

Case 2 Tracker receives measurements in the presence of signal
multipath fading, i.e., the target is observed with detection
model shown in Figure 2.

Since the performance of the IPDA type algorithms is parame-
ter dependent, two sets of parameters, i.e., Setl= {Pi,c1} and
Set2= { P, c2} (see Table 1), are used for each case. Monte Carlo
simulation of 100 runs are performed for each set of parameters in
each case.

A tentative track is started for every detection which has not
been associated with any existing tracks. A rectangle gate deter-
mined using the method in [4] is then set up to collect possible
measurement in the next scan, where we assume that the maxi-
mum target speed is 424 m/s. If the P{xx|Y"*} of a track is less
than e provided in Table 2, it will be deleted. A track is confirmed
if the track P{xx|Y*} is great or equal to c provided in Table 1.
A track-to-track association test [3] is adopted to eliminate redun-
dant tracks.

The percentages of track loss are given in Table 3, the aver-
age number of confirmed false tracks via time is presented in Fig-
ure 4 and 6 where all algorithms start to confirm tracks from the
5th scan, and the RMS position error performance comparison is
shown in Figures 5 and 7 respectively. The RMS position error
was averaged over all successful runs.

Observations and Discussions:

e The average number of confirmed false tracks shown in Fig-
ures 4 and 6 depends on the clutter density and parameter
set used by the filer. It does not depend on whether or not
the multipath signal fading is present. The use of parameter
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RMS POSITION ERROR COMPARISON--Without Multipath Fading
T
— |PDA

Number of Confirmed False Tracks
12 T T T T
- :EBQ—Mz 2 T T T
K =+ EB-PDA
10l K \“ 2 RNl IPDA-M2
N S - EB-PDA ||
! \ \ = - IMMPDA
8t ! ‘\ ! * s, P il + VM-IPDA
1 A S N 4
1 I N
1 N \ '~
1 \ S,
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T T, 2 r r r
° 10 20 3‘0 4‘0 50 e;o 7‘0 80 — |PDA
TIME IPDA-M2
15F = EB-PDA
= = IMMPDA
+ VM-IPDA
Figure 4: Number of confirmed false tracks via time when using ]
parameter Setl.
Para. Set IPDA _ IPDA-M2 VM-IPDA EB-PDA _ IMMPDA 5
L L L
Setl for Case 1 18% 15% 16% 18% 26% 0 10 20 30 40 50 60 70 80
Setl for Case 2 65% 32% 32% 55% 68% TIME
Set2for Case 1 19% 20% 19% 38% 27%
Set2for Case 2 76% 3% 40% 66% 69%
Av. dif. 52% 20 % 185% 325% 2% . . . .
Figure 5: RMS position error comparison using parameter Set1.
- lumber of Confirmed False Tracks
Table 3: Track Loss Comparison (D, = 0.12/Km?) . : ‘ Nmber T Contmed Fae —
”~ - Eolron
\ = = IMMPDA
5 \ - VM-IPDA H
AY
Set2 leads to the overall number of confirmed false tracks re- \
o

duced considerably, but the overall percentage of track loss
increases (see Table 3).

e Table 3 indicates all algorithms suffer from more track loss
when multipath signal fading is present. The Av. dif. av-
eraged on both parameter set also gives such an indication
of the significance. Both IPDA-M2 and VM-IPDA have sig-
nificantly less track loss than others and the VM-IPDA is
slightly better than IPDA-M2. s

e The RMS position error comparison shown in Figures 5 and
7 provide an average measure of tracking accuracy of the un-
derlying target. These results indicate that the major impact  Figure 6: Number of confirmed false tracks using parameter Set2.
for multipath signal fading is the increase of track loss rather

than the RMS error performance.
e In the absence of multipath fading (Case 1), i.e., Pp = 0.9, e The overall percentage of track loss for all algorithms is too
no significant performance difference between algorithms high in this simulation. This is because of heavy clutter den-
can be observed with the selected track termination thresh- sity which results the average number of expected measure-
olds in Table 2 and parameter set in Table 1. An averaged
computational complexity comparison (in terms of computer
CPU time) is given in Table 4. A higher computational load .

respect to the parameter set used indicates a higher con- 4 COI’]C|USIOI’]

This paper presents a comparative study of IPDA type filters

firmed false track rate.
under the scenario where the underlying target detection probabil-

ments in gate over 8.

Set IPDA IPDA-M2__VM-IPDA__EB-PDA__ IMMPDA ity varies due to multipath signal fading. A new IPDA type filter

Setl 1 14226 10151 11136 13574 — VM-IPDA is developed. Filter on-line information about track

Sz 1 1.0083 10348 16944 20719 quality is utilized for track maintenance. Preliminary results show
that

Table 4: Averaged computational load comparison which are cal- e When the track quality measures of the IPDA type filters are

culated in terms of CPU time and normalized based on the CPU used in track formation and maintenance, the initial proba-
time of the IPDA bility of track existence, the track termination and confirma-
tion thresholds need to be optimized to reach a compromise
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Figure 7: RMS position error comparison using parameter Set2.

between the percentage of (true) track loss and the confirmed
false track rate.

The values of the track termination threshold for IPDA type
filters may be obtained statistically using Monte Carlo runs
by considering same time delay from the time when a true
track becomes a false track to the time when this false track
is terminated.

Very high percentage of track loss is expected for all algo-
rithms except IPDA-M2 and VM-IPDA when multipath sig-
nal fading is present in heavy clutter scenario.

Both IPDA-M2 and VM-IPDA promise a consistently better
performance than other filters both in the absence and in the
presence of multipath signal fading environments.

Tracking a target with time-varying detection probability has
posed new challenges. Further study on tracking in clutter of low
elevation sea-surface targets is underway.
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