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EXECUTIVE SUMMARY

This report describes the current £findings and
status of Tracor's ongoing investigation of the multiple target
tracking problem. In particular, we have concentrated on the
problem of tracking multiple targets with data gathered by
distributed, passive acoustic sonobuoys. In this study, the
multiple target tracking problem has been 1initially divided
into two separate tasks: (1) the development of an efficient,
highly accurate, single target tracking algorithm; and (2) the
development of a non-parametric data sorting technique for
separating a sonobuoy's multiple target data stream into sets
of individual target data. Also included as an appendix is a
detailed discussion of an experimental design technique known
as Response Surface Methodology (RSM) that was used to quantify
the single target tracking algorithm's response to variations
in signal gathering and signal processing parameters.

In the past, Tracor has developed both a Hybrid
Tracking Algorithm (HTA) and a Sequential algorithm to perform
the single target tracking task. The former algorithm is known
as a hybrid algorithm because it uses a batch tracker to
initialize the tracking solution, and after the track has been
successfully initialized, it automatically switches to a
sequential tracker to continue updating the target's
trajectory. The current investigation has sought to improve
further both trackers' performances, and with that objective
the following modifications were made to their prior designs.

(1) The Sequential's initializer has been
modified to use a Standard Kalman Filter
plus a one-dimensional, numerical search
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technique to reduce the number of iterations
needed for the totally sequential tracker to
initialize a track.

(2) A batch~type, initial guess algorithm has
been developed which uses the 1initial
frequency and bearing measurements from two
or more sensors in a ‘''crossed-bearings,
crossed frequencies' technique to provide
reasonable guesses of the target's position
and velocity to both the HTA's and the
Sequential's initializer.

(3) The target's dynamic acceleration model has
been changed to a normal-tangential (or

along track-across track) acceleration model

{accession Tor
TS GRART to better describe possible target maneuvers.
DTIC TAB
gfﬁ:;ff:;:,> _ (4) A mobile sensor model has been added to the
e e T tracker to allow possible sensor motiocns
g:;;;;j, e T created by either sensor drift or by mobile
et s sensor platforms.
Di:: R (5) Finally, range, time-difference of arrival,

Doppler ratio, and Doppler difference

measurements have been added to the tracker
to augment the frequency and Dbearing
measurement models that could Dbe used

initially.
In order to extend the HTA or other single target

trackers into the area of multiple target tracking, Tracor
initiated an 1investigation 1into the possibility of wusing

ii
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cluster analysis techniques to sort multiple target data at the
individual sonobuoy 1level. Cluster analytic methods form a
branch of numerical taxonomy wnich can be used to search
quantitatively for natural groups or clusters within a set of
objects which have been described by an arbitrary set of
descriptive attributes. This initial 1investigation has shown
the application of cluster analysis methods to be a potentially

feasible means for solving the multiple target data sorting
problem. From our cluster analysis 1investigation, the
following configuration for processing the data has yielded the
best results:

(1) Four attributes have been used to describe
each of the multiple target measurements:
(a) Measurement time tag
(b) Frequency estimate
(c) Cosine of the bearing estimate
(d) Sine of the bearing estimate

(2) Each of these four attributes were
normalized to lie between 0 and 1.

(3) Euclidean distances were used to generate a
resemblance matrix of dissimilarity
coefficients between each measurement pair.

(4) Hierarchical, single-linkage clustering
algorithms have been shown to be the most
effective for sorting the data.

The cluster analysis techniques have been shown
to be effective at performing the following tasks:

iii
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(1) Outlier identification for single target
data sets.

(2) Sorting sets of multiple target data into
individual target data sets.

(3) Sorting multiple signals from ambient noise
in simulated DIFAR power spectra.

Unfortunately, at their present stage of
development, the cluster analysis techniques studied require
that some a_priori knowledge of the data be available before
thelir results can be properly interpreted. The clustering
results are currently output as tree diagrams and require the
analyst to carefully study the results to pick the optimal set
of clusters. However, it 1is felt that with further
investigation and development, these clustering techniques can
be automated so that '"'intelligent' operator interpretations of
the results will not be required. Then, these twechniques can
be used in real systems.

For both the single target tracking and the data
. sorting investigations, a non-Guassian, DIFAR data generation

model was used to simulate the narrowband frequency and bearing
I measurements. This DIFAR simulation models variations in the
' signal-to-noise ratio (SNR) of the signal received by the
E sonobuoy that are caused by propagation losses, smearing
! losses, and random variations in both the target’'s radiated
; levels and in ambient noise levels. The error distributions
: from this simulation program are non-Gaussian, so wmore
| realistic investigations of tracker performance and data

sorting performance can be undertaken than would be possible

with a simpler Gaussian model.
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Finally, this report contains a detailed
discussion of the RSM techniques used to quantitatively analyze
HTA's responses to variations in data gathering and data
processing parameters. Specifically, this study investigated
how changes in target signal strength, changes in sonobuoy
baseline distances, and changes in processor integration time
for generating frequency and bearing estimates affect the
overall tracking performance of Tracor's HTA. This
investigation was 1initiated not only to characterize HTA's
tracking performance, but it was also meant to show how RSM or
other experimental design techniques can be used to quantify
various algorithms' responses to variations in key parameters
so that they can be more effectively evaluated or compared
against other possible alternatives.
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1.0 INTRODUCTION

For many anti-submarine warfare (ASW) encounters,
the U.S. Navy is very concerned with the problem of detecting,
classifying, and tracking underwater submarines from data
gathered by passive sonobuoy patterns. One area where Tracor

has been heavily involved is the area of target tracking or
localization.

Tracor has developed several target tracking
algorithms, but they have dealt only with the question of
tracking one target from single target data gathered by wvarious
acoustic signal processors. Another problem of great
importance to the Navy concerns the questions of detecting,
classifying, and tracking multiple targets when they are
observed in tracking environments.

At Tracor, this multiple target tracking problem
has initially been divided into two distinct tasks. First, a
highly accurate, single target tracking algorithm has been
developed to determine current capabilities for 1localizing
single targets. Separate from this development, an investi-
gation has begun into the question of sorting and classifying
passive, multiple target data into sets of data for each
target. As this investigation continues, these two questions
will have to be considered together along with many other
problems. However, for now, only the development of an accu-
rate and reliable single taiget tracking algorithm along with
an initial approach for sorting data in the wmultiple target
problem have been cousidered. The following subsections
summarize the work performed under the current contract in
these two basic task areas.
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1.1 Hybrid and Sequential Algorithms' Modifications

Two different algorithms have been developed in
the past to track one target. One algorithm, the Hybrid
Tracking Algorithm, uses a weighted, least-squares, ''batch "
procedure to initialize the track and switches to an Extended
Kalman Filter to continue tracking after the tracker has been
successfully initialized. The other, a Sequential algorithm,
has also been developed. This algorithm used an Extended
Kalman Filter to both initialize the tracker and to continue
tracking the target after successful initialization has been
achieved. Both algorithms performed well, but it was felt that
both could be modified to improve their tracking accuracies,
range of applications, and tracker initialization
characteristics. Following 1is the 1list of modifications
implemented to improve these tracking algorithms.

(1) The sequential initializer was improved by
using a Standard Kalman Filter plus a
numerical, one-dimensional search technique
to find the optimal initial state for the
target. This procedure proved to Dbe
successful because fewer data points and
fewer iterations (relative to the old
design) were required for the new sequential
initializer to converge onto an acceptable
gset of initial conditions for the target.

(2) An inital guess algorithm was developed to

use the sonobuoys' data to provide a better
initial guess of the target's state. This
algorithm is used by both the Sequential's
and Hybrid's initializers.
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; Previously, an arbitrary point was picked
and the initializers sought to change this
guess until a suitable set of initial
conditions was found. Now the initial guess
algorithm wuses overlapping frequency and
bearing measurements from at least two
different sonobuoys in a 'crossed-bearing,
crossed-frequency' procedure to generate
reasonable least squares estimates of the
target's position and velocity. This

initial guess procedure has proved to be
more accurate and faster than the previous
method.

(3) The target's motion model has been changed
from a Cartesian acceleration model to a
normal-tangential model. In this context,
the tangential direction is defined to lie
parallel to the target's course heading and 7
the normal direction lies perpendicular to
this course heading. This new acceleration
model has been shown to be better than the
Cartesian one for modeling both maneuvering
and non-maneuvering target trajectories.

(4) A mobile sensor model has replaced the old
stationary model used for positioning the
sonobuoys. This allows the tracking algo-
rithms to process data from drifting sensors
as well as data from mobile sensors such as

hull-mounted and towed-array systems.




(5) New data models were also added to the
trackers' measurement models. In the past,

only frequency and bearing measurements liave
been used for localization by the Hybrid and
Sequential trackers. Now range, time-
difference of arrival, Doppler ratio, and
Doppler difference measurements can also be
processed by these trackers.

1.2 Simulation of Single Target Data

The data generation program used for these
studies simulated non-Gaussian, frequency and bearing estimates
for narrowband signals. This program simulated a comb filter
bank followed by a square law detector to generate an omni-
directional power versus frequency spectrum. A frequency
estimate was obtained from this power spectrum by a peak-
picking procedure which selects the single comb filter bin 1in
the spectrum that contained the most omnidirectional power.
After the frequency estimate was obtained, an arctangent
estimator used the simulated x and y channel power associated
with this chosen frequency bin to generate a bearing estimate.
If the signal strength of these estimates exceeded a set
threshold level, the estimates were accepted; if not, no
measurements were passed to the tracking algorithm.

1.3 Simulation of Multiple Target Data

To study the multiple target sorting problem, a
suitable data base had to be developed. A single target data
simulation program already existed, so it was decided to build
programs that could merge several different single target data

sets into one simulated multiple target data set. Initially,
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one program was developed that merged the output frequency and
bearing estimates for each simulated target into one set of
measurements for all of the targets. However, some theoretical
difficulties were encountered with this approach, so a second
program was developed. The second program merged the power
versus frequency spectrum for each of the targets into one
single spectrum. The data sorting techniques were then
employed at this multiple target, power spectrum level to
perform the sorting task. Data from both simulations were used
in the multiple target, data sorting investigation.

1.4 Multiple Target Data Sorting

Cluster analysis techniques have been chosen for
this initial 1investigation of the data sorting problem
associated with tracking multiple targets. This technique is
used in numerical taxonomy to search for natural groups or
clusters from a set of objects which have been described by an
arbitrary set of descriptive attributes. No a_ priori funec-
tional form or conditional relationship is assumed for the
objects and their attributes. Instead, the observer must only
pick the set of attributes that are to be used to describe the
objects and the clustering algorithms then search for natural
groupings of the objects based on these attributes. Extensive
development and use of these clustering techniques can be found
in the anthropological, biological, and social sciences.

Five different non-overlapping, hierarchical
clustering algorithms have been investigated. In addition,
five different data normalization techniques were studied, as
well as seven different methods for generating similarity-
dissimilarity coefficients. All of these techniques are
described 1in detail in Section 5. Based on the results
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obtained, the following conclusions have been formed from this

investigation:

(1) Attribute data should be normalized so that
the range of values lies between 0 and 1.

(2) The average Euclidean distance dissimilarity
coefficient proved to be the most useful for
generating the resemblance matrix for the

data sorting problem.

(3) The single 1linkage <clustering methods
yielded the best results for the data
sorting problem.

To sort the data, a set of attributes must be
used to describe the objects of interest. For the passive data
simulated in this investigation, the following set of attri-
butes was found to be the most useful for sorting the multiple
target measurements.

(1) Time tag of the measurement estimates

(2) Frequency estimates

(3) Cosine of the bearing estimate

(4) Sine of the bearing estimate
When the multiple target data have been described with these

attributes, the single 1linkage clustering algorithm has been
successful in performing the following functions:
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(1) 1Identifying outliers to be removed from the
data set.

(2) Sorting multiple target measurements into
sets of individual target data.

(3) Sorting multiple signals from ambient noise
in simulated power spectra data.

These results have been quite encouraging. At
present, however, the algorithm is cumbersome and requires
considerable operator interaction. The difficulties appear to
be traceable to attribute normalization problems. The normal-
ization used for this study permitted successful clustering of
acoustic data, but a priori knowledge of the data was required
to set appropriate dissimilarity coefficient thresholds to
properly define target clusters. Nonetheless, valid data
clustering was demonstrated and it appears very promising that
efficient, automatic algorithms based on cluster analysis can
be developed to sort acoustic data from multiple targets.

1.5 Hybrid Algorithm Sensitivity Study

A study which used Response Surface Methodology
(RSM) techniques was initiated to quantify the tracking
response of the Hybrid algorithm to external factors such as

sonobuoy separation distance, target signal strength, and data
integration time. The RSM algorithms fit a polynomial hyper-
surface in a classical least squares sense to the data obtained
from a chosen test design. After a suitable least squares
solution has been found, one can then analytically solve for
the extremum of this fitted surface. The analyst may also
perform eigenvalue analysis to determine whether the extremum
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is a minimum, a maximum, or a saddlepoint and may also search
for the principle axes to determine directions of maximum and
minimum change. Finally, with RSM techniques, one can plot the
response surface and its associated contour plot to visually
investigate operating range trade-offs. From this analysis,
one can determine the optimal operating conditions for a
process, as well as compare the response of one process against
another process (for instance, the Hybrid's tracking response
versus the Maximum Likelihood Estimator's tracking response).
Results of this RSM analyis of the Hybrid tracker's response to
variations in certain data processing parameters are presented
in Appendix A.

1.6 Report Organization

The remainder of this report presents detailed
information on the work summarized above. Section 2 describes
the modifications made to the Hybrid and Sequential algorithms
to improve their tracking performances. Section 3 contains a
detailed description of the simulated DIFAR model used to
generate single target data. The two techniques for simulating
multi-target data are found in Section 4. Detailed
descriptions of cluster analysis techniques and of their
applications to the multi-target problem are provided 1in
Section 5. Section 6 suggests some recommended research tasks
for future investigation, and Section 7 presents a 1list of
references. Finally, the results of the RSM sensitivity
analysis of Hybrid's tracking performance are furnished in

Appendix A.
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2.0 IMPROVEMENTS TO THE TWO TRACKING ALGORITHMS

Under this contract, several modifications were
made to both the Sequential and Hybrid trackers to improve
their overall effectiveness. Efforts were made to improve the
track 1initialization characteristics for both trackers with
special interest taken in improving the Sequential's
initializer. Secondly, a new acceleration model was developed
to improve both algorithms tracking performance for maneuvering
and non-maneuvering trajectories. Lastly, new measurement
types and a new mobile sensor model were added to the trackers
to increase the possible application areas for both Trackers.
Descriptions of these modifications and their ensuing affect on
tracker performance are found in this section.

2.1 Improved Sequential Initialization Algorithm

One task 1in this study sought to improve the
Sequential's initializer in an effort to make it more
competitive with the Hybrid. Previous results (Reference 1)
have shown that the Hybrid outperformed the Sequential in
initializing the target tracks from the initial measurement
data. After initialization, both trackers' performance was
essentially equal. The Hybrid initializer utilized a ''batch"
filter along with a numerical, one-dimensional search procedure
to produce 1initial state estimates for the target. The
Sequential algorithm used an Extended Kalman Filter (EKF) and
an 1iteration scheme to produce estimates of the target's
initial state. It was felt that the Sequential's initializer
could be greatly improved by replacing the EKF with a Standard
Kalman Filter (SKF) and augmenting it with the same
one~dimensional search procedure used by the Hybrid's batch
initializer. This new Sequential initialization technique has
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been developed and incorporated in the tracker. It has proved
to be very successful and has made this algorithm more
competitive with the Hybrid.

The new Sequential initialization algorithm is a
U-D Covariance Factorization of the SKF (Reference 2). Like
the batch 1initializer, the Sequential initializer uses the
tracking filter to find a search direction that wminimizes the
sum of squares of the measurement residuals. The algorithm
used to estimate the search direction is given below.

(a) Provide an initial guess for the target's
initial state vector X3, state covariance
matrix P0 and state noise covariance Q.

(b) Decompose Py into factors 061 and
-1
Uo .

(¢) 1Initialize the measurement to k = 0. Set

the initial search direction to SO = 0.

(d) Set the measurement counter to k = k + 1 and
get a measurement set tk’ Vi

(e) Solve the following differential equations
x = f(x,t)
where £(x,t) 1s the target's motion
model writtenm as a system of first

order equations.

s = As

10
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where

A = Af(x,8)

X
= wotwh - gmrpTruTTauTh T Teu D 0T

auTip e Ty ip Tty TaT g

with initial conditions

X = xk‘l
s = Sy,
D7t = Dl
Ut = Ut

(f) Compute the following relationships

Ty =V = %(xk, tk)
where g(xk, tk)is the computed
measurement model at time ty

h = 3g(x,t)

k IR t = tk

- -T
Vie = U by
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(g) Find x , such that

k’

<+
Xk Xk 2 % S k

is the estimate of the state that minimizes
the sum of squares of all measurement
residuals. Use a quadratic search procedure
to find .

(h) If the sum of squares from this iteration is
within a specified tolerance of the sum of
squares from the previous iteration, then
the algorithm has converged. Therefore, go

to (J).

(i) The algorithm did not converge. Therefore,
set x5 to the initial state vector that
satisfied (g) and increase the measurement
set. Then go to (d).

(j) Conduct the Modified Gallant Test, described
in Reference 1 to determine the need to
switch to the EKF target tracking
algorithm. If the test 1is passed, then
switch. If not, then go to (d).

Initial parameters are required for the state
vector XO’ state covariance nmatrix PO, and the state noise
covariance Q. Provided that ''reasonable'" wvalues of these
parameters are specified, then this sequential algorithm will
converge in the same number of iterations as the batch and to
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approximately the same values. The next section outlines an
algorithm for obtaining wvalues for Xy and Py. Values for Q
are still user determined.

2.2 Simultaneous Bearing and Frequency Initial
Conditions Algorithm

A problem encountered with any algorithm that
needs a priori information is how to get a ''good" or
""reasonable' initial guess of that information. This is very
critical when the algorithm is applied to extremely nonlinear
problems because a poor choice of initial conditions can cause
the algorithm to converge on an erroneous solution. In
addition, a good guess may reduce the number of iterations
needed for the solutions to converge.

Target tracking algorithms process data collected
from various sensors to generate a tracking solution. It is
possible to generate a guess for the initial conditions of the
target from these data. Such techniques have been used 1in
satellite orbit determination (Reference 3). The method chosen
for use 1in this study requires inputs of both bearing and

frequency measurements from two different sensors. Beginning
with the tangent of the observed bearing measurement from
sensor 1i:
g _ sin 3, ) =Yy
tan i - = ~ z-X.
cos 3; i

the following linear equation relates the target's coordinates,
x and y, to those of the sonobuoys, Xy and Yi»

~ A ~

X Sin 8, - co N . si . = Y, ..
i y s Bl x; sin 8; y; cos 8,

13
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If a bearing measurement from sensor j 1is obtained, then the
following set of 1linear equations can be solved for the
target's position vector:

3 i i3 -V 2. T X. i . = Y. 2
X sin < y cos 3y X; sin 31 y; cos 2

X sin :, - v cos ; = x, 3in . - . COS 3.

Note that accurate position vectors of the sonobuoys are
required to solve these equations. If additional bearing data
are available from other sonobuoys at this time, they can also
be used to generate a least squares estimate of the initial
target position wvector. When least squares estimation
procedures are used, an initial covariance can be computed for
this position vector.

A similar procedure is available for determining
the initial velocity vector which uses simultaneous bearing and
frequency data. The Doppler equation for a non-stationary
target and sonobuoy i is

(r-1.) V.
l+ N -lwfl
liT=Tyi (¢
£; = £
i o p— =
(r-r.,)-v
1+ L
r-r;'.c

where

[at
<
]

position and velocity vectors of the target,

(2]
<
0

transmitted target frequency.

14
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By assuming a value for fo and rearranging the equation, the
result is the following linear equation for v

(r-ri) . f5 (l + (:-g-.),\‘]. ) 1
CE-r, e £1 T-r e

Noting that

i
'
R

i
T
il

By
)
H

where u is a unit vector with components cos Bi and sin Si,
the following simple equation results:

X cos 8; +y sin 8y
, £ 1.V
c [f—°—(1+uvl> -1]
i o4

After receiving another set of simultaneous bearing and

frequency data from sonobuoy j, the following set of linear
equations can be solved for the target velocity vector

el
<i
I

. -~ - A r f }.{.Cosg. + .,Siné.
X cos 8; + ¥ sin 8, = ¢ 0 (l + i i 7Yy i ) -l}

L 1 ¢
. R . - [ £ x.cosB, + v.sing.
o+ sin 4. = o jOOSFy T YyStRes
X cos 3J 7 sin BJ ¢ —EE- <l * Q ) -1]

15
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It is desirable to have several simultaneous data points to
insure a good least squares estimate of the velocity and its
covariance.

The methods outlined in this section have been
implemented and they give adequate estimates of the initial
position and velocity of the target. When the solutions are
from least squares determinations, it is possible to obtain
estimates of the diagonal terms of the state covariance matrix
for these parameters. This usually provides a sufficient
covariance matrix to be used as a_priori input to the target
tracking algorithms.

2.3 Constant Tangential and Normal Acceleration Model

Originally, the target motion model used in both
the Hybrid and Sequential was a constant Cartesian acceleration
model. This model was adequate for both the initialization and
tracking phases of both target tracking algorithms, but it was
felt that it 1insufficiently modeled target motions that
involved turning mareuvers. Initially, it was proposed to
investigate the possibility of adding second-order Taylor
series terms to the measurement model to compensate for the
trackers' weaknesses in modeling turning maneuvers. However,
after more closely examining this problem, it was determined
that these turning maneuvers could be better modeled by
changing the target's motion model rather than by adding higher
order measurement model terms. Consequently, in this study the
target's acceleration model was changed from the old Cartesian
coordinate model to a first order, Gauss-Markov process for
Normal and Tangential acceleration components. This model was
found to complicate the system dynamics, but it was also found
to have embedded 1in 1it, four commonly used motion models -~

16
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constant velocity, constant acceleration, constant radius turn
and variable radius turn.

The differential equations that describe the
tangential and normal accelerations are

7
[ .
N v

<
+
ZW
Ay

where

and ar and ay are the constant tangential and normal
accelerations. There are four analytical solutions to these
differential equations, depending on values of the constants
ap and ay- These four solutions are:

(1) constant velocity ap = 0, ay =0

r(t + At) I It r(t)
v(t + At) = \o 1 ()
(2) constant acceleration arp # 0, ay =0
T(t + At)

a .
T \
R 312 3 A W 0

v(t + At) 0 1 + *TT"\;%'TT At) v(t)

17
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(3) constant radius turn a; =0, ay # 0

\ : a,
T(t + At) l@m v(t) r(c) sin—= B — \

N

- -3y - T
v(t + At) TSTETT r(t) v(t) COS——7EyT -

(4) wvariable radius turn ap $ 0, ay #0

a = - &r _ -
T(c + o) (1 + Toeyr 48’ (u’_;_EL T(e) - 25 T(O) v(c))

- 2 a 2

a a 42 _ N
T = T + 2N )
\_I(C + At) (1 + Tr‘:,:-(%jrr At) (251\? v(t) -~ a‘N:kv 57”-— r(t) v(t)

Note the complexity of the solutions, especially
the variable radius turn. In order to use these equations in a
"batch'" tracking algorithm, it would be necessary to have
statistical tests for model selection and for data interval
selection. These are the same four motion models used in the
Maximum Likelihood Estimator (MLE) developed at Tracor
(Reference 4). From the test results documented in Reference
1, the MLE is not as fast as the Hybrid or Sequential because
it takes considerable computer time to select the proper motion

18
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model and data interval. To avolid these problems, the motion
model and data interval selection features have been dropped in
both the Hybrid and Sequential.

For the Sequential, data interval and motion
model selections could be dropped because an EKF is used to
generate target state estimates. This EKF modifies the
estimates for ar and ay and rectifies the target's state
vector estimates for each measurement processed. These
estimates are valid only for this update point and do not need
to be saved beyond the next update point. This process of not
saving past estimates relaxes some of the restrictions on this
tracker. The Hybrid, on the other hand, does use a ''batch”
filter to initialize the tracker. When batch processors are
used to generate estimates, one is more troubled with the data
interval and motion model selection because all the
measurements and tracker estimates are mapped back to the

initial epoch of the trajectory. If the wrong motion model or
data interval are chosen, the tracker cannot successfully map
all the information back to this initial epoch. However, the
; Hybrid only uses this ''batch'" filter to initialize the tracker
and then switches to an EKF as soon as adequate 1initial

conditions have been found. Typically, only 50 to 100 seconds
of target data are needed to successfully converge onto a set
of initial conditions. Within this time frame, one rarely
finds that a submarine will initiate some maneuver which would
require a motion model change. Furthermore, it 1is believed
that enough flexibility has been built into the Hybrid's motion
model to compensate partially for a single maneuver. Since the
"batch'' filter is used only to initialize the tracker and since

no drastic change in the target's motion is expected over the
relatively short initialization phase, the motion model and
data interval selection features of the MLE have not been
incorporated into the Hybrid.

19
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Reviewing the four common motions embedded in the
normal -tangential acceleration model, one notes the complexity

of the analytical solutions, particularly for the variable
radius turn. Complicating these equations even more is the way i
the acceleration directions are coupled to the velocity
components, leaving a system cf coupled differential
equations. Furthermore, to analytically solve these
differential equations, one would have to use a model selection
feature (which we are seeking to avoid) to determine which
analytical solution to use. Faced with all these problems, it
was decided that the way to implement the new motion model was
to numerically solve the differential equations with a
classical, fourth order Runga-Kutta algorithm described in
Reference 5. This allows the differential equations to be
integrated without performing motion model tests and without

decoupling the equations of integration.

2.4 Sensor Motion Model

Previously, the sonobuoys were assumed to be
stationary. Realistically, they drift due to ocean currents
and surface winds. Under these circumstances, it is possible
for each sonobuoy to drift in different directions.
Furthermore, mobile platforms are often used to gather acoustic
data. It is important to model the sensor motion as accurately
as possible in order to successfully model the measurement
process. To maintain generality, it was assumed that
associated with every data point is an estimate of the position
and velocity vectors of the sonobuoy. If the position vector
was required at an intermediate time, the following constant
velocity model is used:

Ei<c+;t) = {-i(t) + 'Gi(t):t
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This is an adequate model when small At's are used. An
advantage to using this model, which has been incorporated in
the trackers, is that both algorithms can now process data from
mobile sensors, such as towed arrays and hull-mounted systems
as well as data from drifting sonobuoys. Furthermore, Doppler
shifts can be better estimated by the tracking algorithms'
measurement model because sensor motion is accounted for in the

estimates.

2.5 New Data Models

Besides modifying the Hybrid's and Sequential's
target and sensor motion models, four new measurement types
were added to the measurement models. These new measurement
types 1include one active measurement and three passive,
two-sensor data types. The additions of these measurement
types enable the Hybrid to process most of the data types
available from acoustic signal processors.

The active range measurement for sensor 1 is
defined as:

where

- UT-E
pi A ].'l

¢ = gspeed of sound in water

At = time interval between transmitting and
receiving the reflected signal.
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Time difference of arrival of a signal between two sensors has
also been added to the measurement model. This measurement is
modeled as:

Another two-sensor measurement that can now be used 1s the
Doppler ratio. This data type is modeled as:

(E“Ei) . Gi 1 + (E-f-) . 6
+ - - -
£ AL S
f; L+ BB . (t-t.) . 9,

Te-t. 1] ¢ 1
i‘ri c

Finally, the 1last intersensor data measurement that was
modeled, the Doppler difference, is defined as:

1 + gl-.’-z‘j ) ":Ji (i--?:j) \-I
£1-fyaf, G T\ - [ P TEE T
1+‘(f.# L+ (r-rj).vi
- l‘-ril C “E__r'- C
J
2.6 Test Evaluation Criteria

The primary parameter wused to qualitatively
analyze the performance of the tracking algorithms 1is the
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position error. 1In order to avoid confusion in terminology,
position error is also called distance error. Previously, when
the position error was used for analysis of tracking results,
three measures of performance were computed. The first measure
was the average position error over the entire track. The next
measure was the convergence time, defined as the time required
for the tracker to converge to a steady state error value
smaller than some specified wvalue. The 1last performance
parameter was the predicted position error 1incurred by
projecting the tracker estimates forward for 300 seconds after
the last measurement was received. When the average and
predicted distance errors were below 500 meters and when the
position error converged to a steady state value below 500
meters, then the tracking algorithm performance was deemed
good. The same basic parameters were used to measure tracking
performance for this study, but two of the definitions have
been changed.

In this study, the average position error 1is
measured only after convergence has been achieved. Before,
convergence was attained when the position error reached a
steady state value below 500 meters. Now convergence results
when the position error reaches any steady state. Rather than
compute values for convergence time and distance errors
directly, they are now obtained from the plots of the position
error versus time. The predicted distance error 1is stil?
directly computed.

In addition to the plot of the position error,
plots of the tangential and normal components of the position
error were developed as an analysis aid. The tangential, or
along track, direction 1is defined to be along the velocity
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vector and the normal, Oor across track, direction is
perpendicular to it. Given the definition

where r and EE are the true and estimated position vectors,
respectively, the tangential or along track error is:

5;.1. = Sr ”f” »
it Vi

where §r = || 8T | .

The normal or across track error is

where w 1is the vector normal to the velocity vector. By
looking at these plots, one 1is able to make qualitative
conclusions about the geometrical effects of target tracking.

Another qualitative analysis aid is the plot of
the true and estimated trajectories. Included on these plots
are the sonobuoy positions and the 300 second prediction
point. Combined, these four plots give an analyst the tools
needed to evaluate tracking algorithms.
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2.7 Test Scenarios

The test sets used in testing the Hybrid and
Sequential algorithms were the revised OCCD case 1 and case 8
described in Appendix A, Table A.IV. These two scenarios are
referred to as scenarios 1 and 2, respectively, in this
subsection. In both, the target moved through the tri-tac
pattern of stationary sonobuoys at a constant speed of 5 meters
per second on a straight line course. For Scenario 1, the buoy
separation distance was 8000 meters, the signal-to-noise ratio
at one yard from the target was 82 dB and the signal
integration time was 20 seconds; while in Scenario 2, these
quantities were 5000 meters, 70 dB and 5.0 seconds,
respectively. The scenarios were not comprehensive because
they did not contain maneuvering targets or new data types.
The data used were bearing and frequency measurements from a
simulated DIFAR processor. Despite the shortcomings of these
scenarios, they were adequate for providing a preliminary
appraisal of the target tracking capabilities of the modified
Hybrid and Sequential algorithms.

2.8 Test Results

Tests were conducted on the Hybrid and Sequential
to compare the new algorithms' performances to the old
versions. 1In the tests, no initial conditions were given to
the algorithms except for an a priori state covariance matrix
that was required by the old Sequential. All other algorithmic
inputs were the same.

Tables 2.I and 2.II1 contain the quantitative

results for all of the trackers' solutions for scenarios 1 and
2. These tables contain the three tracking performance factors
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TABLE 2.1

SCENARIO 1 TRACKING RESULTS

ALGORITHM CONVERGENCE AVERAGE PREDICTED ]
TIME POSITION POSITION (
(secs) ERTOR ERROR
(meters) (meters) ]
New Hybrid 110 25 100 ’
i
0ld Hybrid 130 30 102 I
New Sequential 110 25 101 !
0ld Sequential 130 30 AL 104 ’
TABLE 2.1I1
SCENARIO 2 TRACKING RESULTS
ALGORITHM CONVERGENCE ( AVERAGE ( PREDICTED
TIME POSITION ‘ POSITION
(secs) ERROR | ERROR
(meters) jﬁ (meters)
—
New Hybrid 100 60 E 647
0ld Hybrid 100 100 677
New Sequential 130 60 647
0ld Sequential N/A J N/A N/A
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for the four tracking algorithms studied, the old and new
versions of both the Hybrid and the Sequential. Figures 2.1
through 2.14 display the performance of the tracking filters
for both scenarios. The plots display the true trajectory with
a solid line and the estimated trajectory with a dashed line.
The x and y axes are the x and y components of the trajectories
in meters. The position error curves display the RMS distance
error between the estimated and true trajectories as functions
of time. These tables and figures are used below to evaluate
the performance of each of the algorithms.

Results from Table 2.I for Scenario 1 1indicate
that all four algorithms' performances were comparable. None
of the performance measures showed any significant difference
to indicate a particular algorithm's superiority, but the new
algorithms did converge sooner than the older ones. The
trajectory plots of Figures 2.1 through 2.4 show that each
algorithm could estimate a rather smooth trajectory and that
the predicted position was not far from the true position.
Overall, the distance error curves in Figures 2.5 through 2.8
indicate that all of the tracking algorithms' estimated tracks
were fairly close to the true ones. Since the distance error
plots for all the algorithms were small for this scenario, the
along-track and across-track distance error curves have not
been included. This scenario was very favorable in terms of
signal-to-noise ratio and tracking geometry, so good tracking
performance was expected and found for all of these algorithms.

The less favorable Scenario 2 produced poorer
results. The old Sequential algorithm was unable to initialize
in this case and therefore was unable to track the target.
Since the new Sequential algorithm did track this same target,
the modifications such as the 1inclusion of the 1initial guess
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algorithm and the new SKF initializer proved to be beneficial
in making the new version superior to the older one. From
Table 2.II it is seen that the quantitative tracking results
were nearly the same for the other three trackers. The overall

results were good, but the large prediction errors above 500
meters were unacceptable. Looking at Figures 2.9 through 2.11,
the algorithms show significant divergence Dbetween the
predicted track and the true one over the last portion of these
plots. The old Hybrid algorithm had more trouble than the
others early in the track, but the difficulty disappeared as
the scenario progressed. The two new algorithms had less
difficulty because of their ability to generate good initial
estimates from the data, even with poor sonobuoy coverage. The
tracking relied principally on two sonobuoys early in the track
with most of the data coming from No. 1 and some from No. 3.
Very little or no data came from No. 2 during the first 400
seconds. The position error plots of Figure 2.12 through 2.14
show that after convergence, there was a jump in the steady
state position error, particularly in the newer algorithms.
This increase was a result of the data beginning to enter the
algorithms from sonobuoy No. 2, whi