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Abstract TMA
target states more effectively choosing appropriately measurement set is the first thing. The deve-

Target motion analysis is an important problem for sonar. In order to extract
lopment of powerful estimation algorithms is another crucial step in solving the TMA problem.
This paper provides a concise and a up-to-date survey about the implementation methods of TMA
problem for sonar. The TMA methods are loosely grouped into two categories. One is a part of the
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classical target tracking methods

which takes the data association as the inseparable part of the

whole estimation process. The other estimates target state without explicit use of a data association

algorithm.
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1 INTRODUCTION

TMA
problem to sonar application. The TMA problem for

Target motion analysis is an important
sonar is characterized by measurements extracted

from the signal moreover in some scensituation
the target may not be observable from the used
set. In order to extract target states more effec-
choosing appropriately measurement set and
The

observability and

tively
optimal platform maneuver are crucial points.
TMA problem about measurement
optimal observer maneuver have been surveyed in
part I*.

The development of powerful estimation algori-
thms is another necessary step in solving the TMA

problem. Since 1960s lots of approaches to TMA
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have been developed 23. These methods are based

largely on probability stochastic processes and es-
timation theory which when combined with systems
theory and combinatorial optimization lead to a
plethora of approaches that can seem somewhat
daunting to be uninitiated. In order to provide a
concise survey of techniques for TMA some of the
current summary in the papers of G.W. Pulford et
al. 23 are used directly.

In this paper the TMA methods are loosely
grouped into two categories. One is a part of the
which takes the

inseparable part of the

classical target tracking methods
data association as the
whole estimation process and is surveyed in section
2. The other estimates target state without data ass-
ociation which is surveyed in section 3.

2 TMA METHODS WITH DATA ASSOCIATION

The classical TMA method is an inseparable
part of the whole target tracking processes. The



142

2007

target tracking processes can be summarized as
follows: data containing one or more potential targets
and then the
sensor data are partitioned into sets of observations

of interest are collected by sensors

or tracks that are produced by the same target.
Assume that tracks have been formed from previous
data and a new set of input observations becomes
available. Then the input observations are consi-
dered for inclusion in existing tracks and for ini-
tiation of new tracks. First a gate based upon
the maximum acceptable measurement plus tracking
prediction error magnitudes  is placed around the
predicted track. Only those observations that are
within the track gate are considered for update of
the track. Once observations are assigned to tracks
these tracks are updated during the filtering process.
The number of targets of interest can be estimated
and quantities such as target velocity future pre-

dicted position and target classification characte-
ristics can be computed for each track **.
2.1 Data association

The gating observation-to-track association and
track maintenance functions are part of the overall
data association function. First  gating uses a sc-
reening mechanism to determine which observations
are the valid candidates to update existing tracks.
Gating is performed primarily to reduce unnecessary
computations by the association and maintenance
functions. The rectangular ellipsoidal  maneuver
gates are three widely used gates.

The next function association takes the obser-
vation-to-track pairing that satisfies gating and de-
termines which observation-to-track assignment will
be made. In a single target tracking algorithm the
state of only one target is modeled; detections from
other targets are assumed to be false alarms and
problems result when tracking closely spaced or
crossing targets. Two simpler data association meth-
ods are the strongest-neighbor filter SNF and the
nearest-neighbor filter NNF . In the SNF the signal
with the highest intensity among the validated mea-
surements

in a gate is used to track updating and

the others are discarded. In the NNF the measure-
ment closest to the predicted measurement is used.
While these simple techniques work well with
benign targets in sparse scenarios they begin to fail
as the FA rate increases or with low observable
low probability of target detection  maneuvering
targets. A common suboptimal Bayesian approach is
known as probabilistic data association PDA 5. The
PDA algorithm

ment among the received ones and discarding the

instead of using only one measure-
others uses all of the validated measurements with
different weights probabilities .

SNF NNF and PDA are all suited for single
target tracking. Using SNF and NNF approach a
single observation may be used to update more
than one track. They can also regard as the solution
approaches for the multiple target tracking MTT
problem yet they work well only in the case of
widely spaced targets accurate measurements and
few false alarms in the track gates. Data association
becomes more difficult with multiple targets where
the tracks are competing for measurements. Here
in addition to a track validating multiple measure-
ments as in the single-target case a measurement
itself can be validated by multiple tracks. Many al-
gorithms exist to handle this contention. The simp-
lest® true MTT’

neighbor algorithm also known as the 2-D assign-

algorithm is the global nearest

ment algorithm®. As the name suggests an assign-
ment problem is set up that accounts for the
distances between all measurements and all tracks.
The single best solution to this assignment problem
allows each track to be updated with at most one
measurement via Kalman filtering. The joint PDA
JPDA algorithm is used to track multiple targets
by evaluating the measurement-to-track association
probabilities and combining them to find the state
estimate . The multiple hypotheses tracking MHT
is a more powerful but much more complex al-
gorithm that handles the MTT problem by evaluating
the likelihood that there is a target given a sequ-

ence of measurements 2. MHT which is essen-
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tially a maximum a posteriori probability MAP

estimator and allow limited branching in the
hypothesis tree can be formulated in two principal
ways referred to as measurement-oriented * and
track-oriented **  depending on the mechanism used
to generate the association hypotheses. Implementa-
tions of MHT also differ in respect of the stra-
tegies used to compute hypothesis probabilities
cluster tracks merge track histories and prune low
probability branches from the hypothesis tree. The
N-best assignment algorithm retaining not only the
optimal solution  but the N best solutions is also
used in target tracking . The article by Pattipati
et al. ¥ provides an in-depth survey of assignment
techniques for the MTT problem.

Track maintenance refers to the functions of
track initiation confirmation and deletion. A simple
used by GNN method

is to start new tracks on those observations that

approach to track initiation

are not to existing tracks. Yet more preferable
method used by MHT method will start tentative
tracks on all observations and use subsequent data
to determine which of these newly initiated tracks
are valid. A simple approach to track confirmation
and deletion is to check whether M correlating
observations is received within N scans. However
a much better approach is to define a track score
function  and compare the score with the chosen
track confirmation or deletion threshold.
2.2 Filtering and prediction

The filtering step incorporates the assigned
observations into the updated track parameter esti-
mates. Prediction quantities are of great importance
because they define the centre of the gated region.
The size of the gate is also directly affected by the
prediction uncertainty. Early approaches made use
of the state-space representation of the estimation
the extended Kalman filter

The EKF estimator was later shown to

problem and used
EKF .
exhibit divergence problems when the tracking
problem is formulated in Cartesian coordinates * .

The stability of the EKF was improved by imp -

lementing it in a new coordinate system known as
modified polar coordinates **. Being recursive bath
versions of the EKF estimator require good initia-
lization to avoid divergence ®. The maximum likeli-
hood ML estimator for target tracking was deve-
loped in#. T.Kirubarjan and Y.Bar-Shalom® make
use of the PDA technique for tracking low obser-
vable targets with passive sonar measurements. This
TMA is an application of the PDA technique in
conjunction with the ML approach for target motion
parameter estimation via a batch procedure. For
the ML estimator

reduces to a nonlinear least squares estimator.

white Gaussian bearing noise

While the ML estimator enjoys certain desirable
properties such as asymptotic unbiasedness and
efficiency it does not have a closed-form solution
and is often implemented as an iterative numerical
search algorithm. The iterative ML solution is com-
putationally expensive because of high-complexity
arithmetic operations that must be performed in
each iteration. It is also vulnerable to convergence
problems. In ? a track-before-detect” empirical”
maximum a posteriori approach was developed
which avoids the gradient computation associated
with the iterative ML solution resulting in lower
computational complexity. In # the pseudo-linear
estimator PLE was proposed to alleviate compu-
tational complexity and convergence problems. PLE is
one of the well known explicit methods which provide
solutions in explicit form as a function of the mea-
surements. The PLE method avoids the instability
problems of the Cartesian EKF. Despite its simplicity
the PLE 22

suffers from severe bias problems® *. To overcome

and low computational requirements

the pseudo-linear estimation bias several approaches
have been proposed in the literature # %%, The
most recently developed bias compensated PLE by
K. Ddgancay® has produced asymptotically unbiased
target motion parameter estimates.

In the passive sonar context a long-time source-
observer encounter is realistic ~ so the source ma-

neuver possibilities may be important in regard to
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the source and array baseline. This advocates for
the consideration and modeling of the whole source
trajectory including source maneuver uncertainty .
A large class of algorithms has been developed for
this problem including multiple model filters and

filter banks * particle filters PFs *% interac-
ting multiple model IMM *®%®  and generalized
pseudo- Bayesian GPB algorithms®. Li X R.

and Jilkov V. P. provide a comprehensive and up-
to-date survey of the techniques for tracking ma-
neuvering targets without addressing the so-called
Part 1 * and
deal with general target motion models

measurement-origin uncertainty “-* .
Part Il “
and ballistic target motion models respectively. Part
Il ® covers measurement models including mea-
surement model-based techniques. Part IV # surveys
various decision-based methods. Part V* provides a
comprehensive survey of techniques for tracking
maneuvering targets without addressing the so-called
measurement-origin uncertainty. Part VI surveys va-
rious nonlinear filtering methods for target tracking

a part of which is 46 .

3 TMA WITHOUT DATA ASSOCIATION

In the above mentioned method some form of
observation-to-track data association must be perfor-
med before the track state estimation is updated.
Recently  some interesting approaches have been p-
roposed whereby the track states are updated di-
rectly without the explicit use of a data association
algorithm. These methods are outlined next.
3.1 The simple STT systems

The simplest TMA method without data asso-
ciation still used by some sonar systems is a single
target tracking approach that are designed to
perform close-loop tracking on a single target and
MTT systems. The STT tracking loop typically mea-
sures the offset between the current sensor pointing
angle bearing and then null the offset. Because
the sensor is assumed to point a single target

there is no need to perform a complex data asso-

ciation. The measured bearings are then used dir-
ectly to estimate the state of the target.

3.2 Event-averaged maximum likelihood estim-
EAMLE

Kastella have developed a new approach to

ation

multi-target tracking based on event-averaged maxi-
EAMLE %,
method is a sequential approach that performs MLE

mum likelihood estimation Kastella' s
processing on one scan of data at a time. This

method involves the propagation of the PDF
associated with the presence of target in target
state space and the target states are assumed to be
described by multiple dimensional Gaussian distri-
bution. Unlike the conventional view that data asso-
ciation is central to MTT EAMLE does not require
computing the measurement to track association
MTA likelihood to form track estimates. the average
over all MTA events is computed weighted by the
a priori event likelihoods. In order to simplify the
summation over all MTA events in the EAMLE
filter a method using mean-field theory MFT s
developed which has been noted the mean-field
EAMLE MFEAMLE .
3.3 Batch processing maximum likelihood esti-

mation methods

Several approaches have been developed for
MLE using multiple scans of data ®%. These tech-
niques all hypothesis some number of targets to be
present and thus attempt to obtain state estimation
a PDA/
ML estimator is derived. In contrast with the stan-
dard PDA/JPDA methods

scans is used and the weights are computed as a

over the entire batch time interval. In %

batch processing of prior

part of the MLE state estimation process. In> a
Newton-type method is used to solve the TMA
problem with respect to bearing and frequency
measurements from a passive sonar system.
3.4 Bayesian state space estimation

Rather than using a Gaussian assumption to
propagate the PDF as in the EAMPLE approach
another convenient implementation approach defines

bins in target state space. Then the probability that
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a target can be computed for all bins?. It's well
known that DPA seeks the most likely target path
in state space. An efficient method is proposed in %
based on DP. In this method

ming the sum over all previous locations

rather than perfor-
the most
likely transition is found.
3.5 Track-before-detect TBD

An alternative approach for data association
that has been developed for tracking dim targets
consider the detection of a target and estimation of
its states are inseparable parts of the same decision
process. This approach is frequently denoted track-
before-detect TBD
detection processes occur simultaneously.

although the tracking and

In practice two general approaches are used to
implement TBD 2. The first method relies on a
mapping from the measurement space to the target
state space its position in a suitably chosen state
space may remain relatively constant. Thus the signal
power in the target state space can be summed
A TBD st-

rategy based on matched velocity filtering in ® s

over time to determine target presence.
adopted using spatial images constructed from a
sequence of power bearing map PBM  estimates
accumulated during a track. To lower the threshold
SNR for detection

locity filters integrates the PBM images over a

a discrete bank of matched ve-

range of hypothesized trajectories. Such an approach
eliminates the need to estimate the number of tar-
gets since signal detection is determined by com-
paring the output of each matched filter MF to a
decision threshold. The approach is applicable to a
single point target or weak point targets that are
well separated from each other. Under these condi-
tions a substantial improvement in performance is
gained over detect-before-track approaches at low
SNR. The TMA method developed by Maranda et
al. % works directly with beam spectra to estimate
the target track rather than using sequence of bear-
ing and/ or frequency estimates as the inputs of
conventional TMA techniques. Grid method a quad-
ratically convergent Newton's method and simulated

annealing method are used to find the target track
parameters that maximize the sum of the spectral
values over the entire observation window. The
Maranda's methods can handle fading or weak sig-
nals that give rise to

large outliers or cause

automatic signal-followers to fail and can enhance
detection characteristics.

The second approach for implementing TBD
also partitions target space into bins. For this app-
roach the target is assumed to move through the bins
and the intensity or likelihood is carried along the

various trajectories that are being tested 2.

4 CONCLUSION AND REMARKS

It should be noted that the performance asse-
ssment is not involved. It is clear that the current
range of TMA algorithms is indeed large. So it is
necessary to devise measures of estimation perfor-
mance so that different algorithms may be compared.
The Cramér-Rao lower bound of parameter estimation

a method

6062 iS

for some techniques is evaluated %
called tracker operating characteristic TOC
also developed. Although lots of works have been
done tracker performance analysis is still an open
research area: very few analytical performance results
are available for even basic algorithms like the
nearest neighbor Kalman filter. In practice algorithm
performance against an agreed set of criteria for a
given application can usually only be assessed after
extensive testing on both simulated and real data.
It is also apparent that more needs to be done to
establish practically meaningful performance bench-
marks using freely available measurement and truth
data  so that the relative merits of the individual
algorithms can be better understood.

The interest in TMA applications and the so-
phistication of the methods applied to TMA prob-
lem continue to increase concurrently with expan-
sions in computer capabilities. However despite this
increasing interest  no standard approaches are a-

ccepted for all applications. The designer must choose
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