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Abstract — Target tracking in clutter uses measurements of
uncertain origin. In addition to target detections, in every
scan the sensor returns clutter measurements. Standard tar-
get tracking in clutter most often uses the position measure-
ments only. The tracking then becomes clutter limited, and
beyond a limited clutter measurement density target track-
ing algorithms do not perform. Using the Doppler informa-
tion of each measurement can significantly increase these
limits. Previous publications used Doppler measurements
either to improve the data association probabilities only, or
to improve trajectory state estimates only. Whilst it helps, it
often is not enough. This paper extends popular Integrated
Probabilistic Data Association to use Doppler information
in the track update step both to enhance the Data Associ-
ation probabilities, and to improve trajectory state estima-
tion. A simulation study shows that this approach may pro-
vide reliable automatic target tracking in the case of severe
clutter.

Keywords: Target tracking, data association, Doppler, clut-
ter, IPDA, false track discrimination

1 Introduction

Active or passive surveillance usually deals with measure-
ments of uncertain origin. The very existence and number
of targets in the surveillance space is unknown and random,
and each target is detected only with the probability of de-
tection Pp < 1, which is here assumed known. The usual
assumption that each target can produce up to one measure-
ment per measurement time (scan) is held here (the point tar-
get assumption). Additionally, a random number of clutter
measurements are generated in each scan. Thus, the origin
of each measurement is apriori unknown, and can be deter-
mined only stochastically. Here we also assume that each
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measurement can have only one origin, i.e. that each mea-
surement is either a clutter measurement or a detection of
one target (the usual infinite sensor resolution assumption).

Target tracking algorithms have to contend with the expo-
nential complexity of the problem, as well as with the issue
of target existence uncertainty.

The exponential complexity is dealt with by using subop-
timal algorithms. Target trajectory state probability density
function (pdf) in a linear system is a Gaussian Mixture with
exponentially increasing number of components [1,2]. This
complexity is reduced by various methods of track compo-
nent management [3]. Target trackers based on the Prob-
abilistic Data Association (PDA) [4] approximate the pos-
terior trajectory state pdf by a single Gaussian pdf. PDA
based target tracking filters show good performance in rel-
atively significant clutter, with high probability of detection
and moderate maneuvers. When these conditions are vio-
lated, better results are obtained by target trackers which
retain more track components and thus better approximate
posterior trajectory state pdf [1,2].

Tracks are initialized and updated by available measure-
ments. Thus both true tracks (following targets) and false
tracks (not following targets) exist. A false track discrimina-
tion (FTD) procedure is used to recognize and confirm true
tracks, and recognize and terminate false tracks. Various
tests [3] are used for FTD. In this paper we use FTD based
on the probability of target existence, popularized in [1,5-7].
Integrated PDA (IPDA) [5, 6] is a PDA based target tracker,
which also recursively updates the probability of target ex-
istence for each track.

Target tracking usually assumes that only position mea-
surements (or “converted” polar measurements [8, 9]) are
available. Performance of target trackers is enhanced if ad-
ditional information is used. Additional measurement infor-
mation (features) are usually used to improve the data as-
sociation probabilities. This is the case of amplitude mea-
surement information [10], and the Doppler measurement
information [11].



In some references, Doppler measurement information
is used to improve trajectory state estimation. Extended
Kalman filters are used to simultaneously use both position
and Doppler measurement information, resulting in some-
what lavish use of computer resources [3, 12]. However,
these approaches influence the Data Association formu-
lae only indirectly, through somewhat smaller error covari-
ances. [12, 13] uses Doppler information to improve track
initialization. In this publication we use the Doppler mea-
surement information to both improve the Data Association
process in a manner similar to [11], and to improve trajec-
tory state estimation of the IPDA target tracking algorithm.
This is termed here simply as “Doppler IPDA” (DIPDA).

DIPDA effectively fuses two types of information; po-
sition and Doppler measurements, applying them sequen-
tially. Resulting Kalman filters have small dimensions and
are, therefore, computationally more efficient. First each po-
sition measurement is applied to create tentative track com-
ponents. Then each tentative component is updated by cor-
responding Doppler measurement to obtain final measure-
ment likelihoods, data association probabilities and compo-
nent trajectory estimates. True to the PDA approach, all ten-
tative components are merged into one with the Gaussian
trajectory state pdf. Final measurement likelihoods are also
used to update the probability of target existence for each
track.

In a typical active sonar scenario, this approach allows
efficient target tracking and FTD procedure in severe clutter
measurement density which effectively renders the standard
[5,6] IPDA, as well as Doppler data association [11] IPDA
useless.

This paper is organized as follows. Problem statement is
presented in Section 2. Track state and one cycle of track
state update are detailed in Section 3. Track initialization
and multi target issues are also described in Section 3. This
approach is validated using simulations in Section 4 fol-
lowed by the concluding remarks in Section 5.

2 Problem Statement

An unknown nonnegative number of targets exists in the
surveillance space. Assume that target 7 state at time k con-
sists of (includes) target position e}, and speed v ;.

ap = [efT wiiT] (1)

where T denotes matrix transpose. Target trajectory propa-
gation is modeled by

o] = Fel_y + i, )

where the plant noise sequence up, is assumed to be a zero
mean and white Gaussian sequence with covariance matrix
@, which is not correlated with the measurement noise se-
quences.

One sensor is considered here, however the results are
easily extended to multi sensor fusion environment. The
sensor may be stationary or mobile, and its trajectory is as-
sumed known and at time k is denoted by:

mjk = [SZ ”Zk] 3

where s, and v, denote known position and speed of the
sensor respectively at time k. The radius vector from the
sensor to target 7 at time k is given by:

rp =r(zy) = ef, — Sk €]
with the unit vector 77, equal to

= il :i: cos(a(z]))
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Target 7 speed at time k relative to sensor is defined by

Avg = Av(zg) = vg ) — Vs k- (6)

2.1 Measurements

Target 7 measurement exists at time &£ with a probability
of detection Pp < 1. The sensor measures target posi-
tion and Doppler speed. The measurement of target position
is termed the kinematic measurement component, and the
measurement of Doppler speed is termed the Doppler mea-
surement component. The kinematic measurement equation
is assumed linear

yp = H zf, + wy, @)

where H is the (position) measurement matrix and wj, is
the white, zero mean and Gaussian kinematic measurement
error sequence with covariance R. Define by h,(z7) the
function which calculates Doppler speed assuming known
target trajectory state

ho(f) = —i(zf) " Av(af) ®)
The Doppler measurement equation is non-linear
v, = ho(2) + €, 9

where €, is a sequence of zero mean, white and Gaussian
Doppler measurement error sequence with covariance o2
and uncorrelated with any other noise sequence.

Clutter measurements are generated randomly at each
scan. The usual model is that clutter measurements follow
Poisson distribution in the surveillance (kinematic) space.
The Poisson distribution is parametrized by intensity, or
as termed here the clutter measurement density. We as-
sume non-uniform clutter measurement density and denote
by p(e) value of the clutter measurement density at surveil-
lance space coordinate e.



At time k, sensor delivers a set of z; measurements,
where zj, ; denotes the i-th measurement of z;. Each mea-
surement zj, ; has a kinematic component e;, ; and a Doppler
component vy ;. We also use Z% to denote the sequence
of all measurement sets up to and including time &k, Z* =
{Z ky 4 k=1 }

Denote by pr; = p(eg,;). Composite clutter measure-
ment density p, ; of measurement 2y, ; is the product of kine-
matic clutter measurement density and clutter likelihood p®
of the Doppler measurement component vy, ;

Pk = Pryi - P°(Vhyi)- (10)

2.2 False Track Discrimination

Tracks are initialized using measurements. Due to the un-
certain origin of each measurement, both true tracks (which
follow targets) and false tracks (which do not follow targets)
are initialized. Additionally, tracks will change their de-
scription. Each true track will sooner or later become a false
track, either because its target has left the surveillance space,
or has disappeared (destroyed?). Also, a true track may be-
come a false track by losing its target due to unfavourable
detection/measurement noise sequence, multi target effects,
or any combination thereof.

Every surveillance system is useless unless true and false
tracks can be reliably classified as such. False track discrim-
ination (FTD) procedure recognizes and confirms (majority
of) true tracks, and recognizes and terminates (majority of)
false tracks. In this paper we concentrate on the FTD per-
formance of proposed algorithm.

IPDA [5] recursively updates the probability of target ex-
istence as a track quality measure used for FTD. We fol-
low a simple logic. Each new track is assigned a “tentative”
status. When the probability of target existence of a tenta-
tive track rises above the confirmation threshold, the tenta-
tive track becomes confirmed (and remains confirmed until
termination). When the probability of target existence of a
track, either confirmed or tentative, falls below the termina-
tion threshold, the track is deemed false and terminated.

3 Track Update Cycle

3.1 Track State

In common with IPDA, the DIPDA track T state is hybrid;
i.e. ithas a binary part X, which is the target existence, and a
continuous part which is the trajectory state 7. Track state
pdf is expressed as

P [XE> 7] = P{xXEIp(xk|XE)- (1)

where target trajectory pdf is calculated only conditioned
on target existence. Track state pdf, equation (11), is con-
ditioned on measurement set Z*~! to obtain predicted or
propagated track state pdf, or on measurement set Z* to ob-
tain updated track state pdf. We use the following shortcuts

Ui = POGIZEY v, = POGIZETY 0 (12)

in the text below.

3.2 Doppler Measurement Fusion

Measurement likelihood is value of measurement pdf at
2k = {ek,i,vk,i}I

Phi =p" (rilxi, 271 13
=p" (en,is vmilxE. Z2°71),
which may be expressed as
Pri =D (eril X 257 07 Wkl Xk €6, 2571, (14)

where conditioning ey ;, Z8~! implies that the kinematic
measurement component is applied to update the target tra-
jectory state prediction.

The update of the trajectory state estimate follows in the
similar manner:

p(”k-'|fTaXT) _
:p(vk - X’; elz .Zkk—l)p(x;c—‘xgaek,i,zk h
I3 ko \

P(TT Xk Zhyis ZF
(15)

First the kinematic component ey, ; of measurement zy, ; is
applied to obtain p(27| X%, ex.i, Z° ). As the measurement
equation of the kinematic component is assumed linear, we
can use standard Kalman filter. Then the Doppler measure-
ment component vy, ; is applied. As the Doppler measure-
ment equation is non-linear, we have to use a non-linear es-
timation method. In this case we find that extended Kalman
filter (EKF) works satisfactorily.

3.3 One Track Update Cycle
3.3.1 Prediction

The prediction step propagates track state from time k£ — 1
to current time k. The probability of target existence propa-
gates by

¢Z\k_1 :p1,1¢;§_1\k_1, (16)

where p; 1 is the probability that the target will not disappear
between scans. Due to assumed linear trajectory propaga-
tion model, the trajectory state propagation is handled using
standard Kalman filter prediction

53£|k71 = chquH, a7

Pllea :FPkaukleT‘i'Q- (18)

3.3.2 Measurement Likelihood and Selection

The kinematic likelihood of measurement z;, ; is given by

c— 1 AT T
P (erd 2 = g (ekﬁi;kalk,l,Sk) (19)

where Pg denotes the selection probability and predicted
covariance S}, of kinematic measurement is defined by

Sf=HPj, H +R (20)



To determine the Doppler likelihood of measurement zy ;,
we first update trajectory state by kinematic measurement
ex,; using standard Kalman filter estimate

AT T _
Ik|k,¢—apk|k,i—} =

2D
= KFg (ek,ia Ry g1 Pl H)

Doppler component measurement likelihood is approxi-
mated by

P (Vi | X% ki Zk_l) ~

1 AT AT T (22)
~ ?GN (Wc,i?hv(xklk,i—)aSv(xk\k,i—vpklk,i—))

with the predicted Doppler measurement covariance
Sy (z, P) equal to

Su(z, P) = Hy(z)PH,(z)" + o2 (23)
where the measurement Jacobian H, (z) is defined by
_ Ohy(x)
H,(x) = o (24)
and is equal to
. T
() = [0+ ) @ ]

Applying equations (14), (19) and (22), we calculate likeli-
hood py, , of measurement zj, ;.

Measurements are selected based on the kinematic and
the Doppler measurement components. Performing the se-
lection tests separately on the kinematic and the Doppler
measurement components brings significant computational
benefits. The kinematic selection uses the kinematic inno-
vation calculated by

Ve = €k, — Hi£|kf1 (26)

and measurement 2y, ; passes the kinematic selection test if

(Vi) (ST VEae < 7e 27)

The Doppler selection uses the Doppler innovation calcu-
lated by

ho (Thr,i-)

and measurement 2y, ; passes the Doppler selection test if

ViiD = Vkji — (28)

T T AT T -1 T
(v£.i.p) (51’(xk\k7i—7pk\k,i—)> Viip <Tu. (29)

Measurement zy, ; is selected for track update if it passes
both kinematic and Doppler selection tests. If a measure-
ment is not selected by track 7, it is either ignored during
the track 7 update, or its likelihood with respect to track 7 is
set equal to zero.

3.3.3 Data Association

Measurement set zj, likelihood ratio is given by [5]:

mr 7

Pi
r=1-PpPg+PpPcy —

j=1 ki

(30)

Data association probabilities 3] ; are probabilities that
measurement zj, ; is the target 7 detection, given that target
T exists at time k, and they are equal to

1—-PpPs
9= —— 31
Bro = —x (31)
for null (none of the selected) measurement and
PpPg  Dr
Pri= 7 (32)
" AL P
fori > 0.
3.3.4 Update and Output
The probability of target existence is updated by [5]
ALYk
Vi = | (33)

1= (1= ALy

where Ay, is defined by equation (30). The probability of tar-
get existence is then used to update track status (false track
discrimination).

Given that none of the selected measurements is the target
detection, the trajectory state update pdf equals trajectory
state prediction pdf:

AT T _ | AT T
[%\k,O»Pkmo] = [xk|k71’Pk|k71 .

Given that measurement 2, ;, ¢ > 0 is the target detection,
trajectory state update mean and covariance are obtained by
first using the Kalman filter update (21) to apply kinematic
measurement ey, ;, followed by the extended Kalman filter
update to apply the Doppler measurement vy, ;

Ky =Pl H) (&) S0 @k Piga) ™ (39

(34)

Thiki = Lhipie T Ko (Uk,i - hv(%\k,w)) (36)
PkT\k,i = - KUHU(‘%;\k,i—))PI:\k,i— (37
where SU(JA:;‘W_, PkT|k,i—) and Hi’(izlk,i—) are defined by
(23) and (25) respectively.
Trajectory estimate is approximated by a single Gaussian
pdf, defined by its mean and covariance [4]:

mp
AT _ T AT
Lk = E 5k,z‘$k|k,i

i=0
mp
T T T AT AT T
Pl = Zﬁk,i(PkUc,i + Tk, (Ehp) )~
i=0
AT AT T
- xk\k(fmk) )
where data association probabilities 3y, ; are defined by (31)
and (32).

(38)



3.3.5 Track Initialization

Tracks are initialized at each scan using available measure-
ments. There are many ways that measurements can be used
for track initialization. Two point differencing has been pre-
sented in a number of papers, see for example [6, 14].

As in [12, 13], we use here one point track initialization,
where each measurement in each scan initializes a track. Let
the new track be initialized at time k by measurement zy, ;.
The new track is given initial probability of target existence

e = Vo PP,

where U, is the prior probability of new target per measure-
ment, and P,gi is the probability that measurement zj; is
not a detection of any of the existing tracks. For single target
tracking, such as DIPDA, value of P,S’Z- = 1 is appropriate.

Measurement 2 ; has two components, the kinematic
component ey, ; and the dynamic component vy, ;. Prior tar-
get position may be assumed to have zero information, as
the new target may appear anywhere in the surveillance re-
gion. Prior speed information is assumed to have mean ve-
locity equal to zero, and velocity covariance determined by
the maximum expected velocity, Vi, ax.

Thus, after applying ey, ;, trajectory estimate of new track
is

(39)

(40)

b _|[R o 1
M= 10 V2 Iu/3|

where M denotes the number of position measurement ey, ;
dimensions, and I; denotes identity matrix of the Mth or-
der. Finally, Doppler measurement EKF, equations (35)-
(37) are applied to use the Doppler measurement and obtain
{lATk‘k. and Pk\k

3.3.6 Multi Target Tracking Issues

This paper describes target existence based, singe—scan,
single—target DIPDA tracking which fully uses Doppler
measurements. In many instances more than one targets may
exist in the surveillance space, selecting common measure-
ments. Also, as often happens in many active sonar appli-
cations, one target may be physically big enough to produce
more than one measurement per scan. These extended tar-
gets can also be modeled by a collection of close point tar-
gets.

Multi target tracking may use so called optimal or “joint”
multi target approach [15, 16], which enumerates and eval-
uates all global measurement to track assignments. Using
Doppler measurements in the manner described in this pa-
per is feasible in, for example Joint IPDA [16]. The prob-
lem with that approach is complexity (number of global as-
signments) which grows combinatorially in the number of
measurements and the number of tracks. In heavy clutter
environments and when more than a very small number of
targets exists, this approach is simply not practical. In most

(41)

situations sub—optimal multi target tracking is the preferred
solution. A possible suboptimal approach is the Linear Mul-
titarget [17, 18] approach to convert single target trackers
(such as DIPDA) into multi target trackers (in this case LM
DIPDA). Linear Multitarget delivers “almost optimal” multi
target performance and has complexity which grows only
linearly in the number of tracks and the number of measure-
ments involved.

Linear Multitarget modulates the clutter measurement
density observed by each track by the possible clutter con-
tributions of “other” tracks. This paper does not detail the
process due to lack of space, but the Linear Multitarget
formulae are extended to include Doppler information in a
straightforward manner.

4 Simulations

The purpose of simulations is to demonstrate the benefits of
proposed approach. Three algorithms are being compared:

e Standard IPDA, which ignores Doppler information,
and is described in [5, 6],

e Doppler data association IPDA, which uses Doppler in-
formation only to enhance data association, and is de-
scribed in [11], and

e Doppler IPDA, as described in this paper.

For reasons of simplicity, all algorithms assume known clut-
ter measurement density and probability of detection.

Each simulation experiment consists of 500 simulation
runs. Each simulation run has 25 scans, with the scan time
equal to 4 seconds. In each simulation run, a single tar-
get repeats the uniform motion trajectory, defined by an
initial position vector of (100,400)m, and an initial speed
vector of (10,0)m/s. The probability of target detection
is Pp = 0.9. The target position measurement noise is a
zero mean, white two dimensional Gaussian process with
covariance R = 402I,m?, where I, denotes the identity
matrix of 2nd order. The target Doppler measurements are
also taken, with the Doppler measurement errors being a
zero mean, white Gaussian sequence with standard devia-
tion of 0.05m/s. The maximum target speed is assumed to
be Vinax = 35m/s.

The sensor is stationary and positioned at coordinates
(600, 0)m. The surveillance area is rectangular, with oppo-
site points at (0,0)m and (1200, 1000)m. Clutter measure-
ments are generated in each scan, with Poisson distribution
and position clutter measurement density of 5 - 1075m 2.
Each clutter measurement also has a Doppler component,
which is uniform in the range of — Vi, ax, Vinax-

Each received measurement in each scan is used to ini-
tialize one new track, as proposed in this paper. The prob-
ability of target existence for each new track is initialized
to to the value of ¥y = 0.02. Both true tracks and false
tracks are initialized and maintained. At the end of each



simulation run all true tracks are removed from memory,
however the false tracks are left to propagate in the subse-
quent simulation runs. This builds up a steady state field of
false tracks, simulating a long and continuous surveillance
operation. False track discrimination (FTD) procedure uses
the probability of target existence to confirm and terminate
tracks. If the probability of target existence of a track crosses
over confirmation threshold equal to 0.975, that track is con-
firmed and remains confirmed until termination. When the
probability of target existence of a track falls below termi-
nation threshold equal to 0.02, the track gets terminated and
removed from memory.

This is quite a severe environment. In each simulation ex-
periment approximately 750, 000 false tracks get initialized.
The average number of selected measurements per track in
the first scan after initialization is 13.4, followed by 11.7 and
8.9 in subsequent scans for the Doppler IPDA.

Standard IPDA, as well as IPDA with Doppler Data Asso-
ciation are not able to cope with this amount of clutter, and
do not confirm any tracks, either true or false, and even with
reduced track confirmation thresholds.
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Figure 1: True track confirmation success rate

Results for the Doppler IPDA are quite decent. Eight false
tracks are confirmed in the simulation experiment (out of
the total of 750,000 initialized false tracks). A confirmed
false track was visible in only 46 scans (out of the total of
500 * 25 = 12, 500). After 25 scan times (100 seconds), the
success rate of establishing and confirming true track was
96%. Computational requirements were quite modest for
this environment. The average CPU time per scan was 0.83s,
which included simulation overheads such as measurement
generation and statistics update. Furthermore, the platform
was also quite modest: a 1.73 GHz Pentium M processor
running Matlab and Windows XP.

5 Conclusions

In this paper a Doppler IPDA algorithm for recursive tar-
get tracking in clutter is presented. DIPDA improves upon
standard IPDA by using the Doppler measurement compo-
nents to both enhance the data association probabilities, and
to improve the trajectory state estimates.

DIPDA updates the probability of target existence, which
can be used as the track quality measure for false track dis-
crimination. Thus, the algorithm presented here can be a
complete automatic target tracking solution when Doppler
measurements are available.

Simulation results validate this approach. In an environ-
ment which was so heavily cluttered that neither standard
IPDA [5, 6], nor Doppler data association IPDA [11] could
not reliably confirm true tracks, the Doppler IPDA algorithm
managed to have high true track confirmation success rate,
with a very small number of confirmed false tracks.

Current research aims to further improve achieved results.
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