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1. TINTRODUCTION AND DISCUSSION OF BACKGROUND MATERIAL

1.1 Introduction

During the past several decades, a great deal of energy has been
expended in the development of tracking systems for maneuvering targets.
Though many workable systems have been developed, tracking problems
continue to command a great deal of research effort, for a "best"
tracking solution has not yet been found. There is always a more
accurate, faster, or simpler approach waiting to be discovered.

This situation is particularly true in the field of SONAR where
the ocean environment and its inefficiencies as an acoustical wave
guide provide tremendous obstacles to target tracking. The complexi-
ties introduced by the ocean medium necessitate novel problem approaches
and constant reevaluation of current tracking systems from different
perspectives in order to advance the state of the art. One current
tracking system has been proposed by Moose and McCabe [1]. Their
approach provides good results in its present form; however, close
examination of their method reveals the possibility for slightly
different approaches which could lead to better results.

In this thesis, we shall explore the feasibility of several new
approaches to passive SONAR tracking developed from Moose and McCabe's
work. No attempt will be made to develop '"polished" tracking systems.
The goal here is simply to provide results which confirm the validity
of the approach and inspire further development toward a 'polished"

final tracking system.
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1.2 OQverview of Target Tracking

Most of the research done in the target tracking field has
centered on the development of target models and associated digital
filtering algorithms. One common approach has been to model target
dynamics in rectangular coordinates and then use an associated
extended Kalman filter (EKF) to process measurement data. The rectan-
gular coordinate system produces linear state equations, but the mea-
surements are nonlinear functions of the state variables. These mea-
surement nonlinearities necessitate an EKF. Unfortunately, EKF's have
been found to provide poor estimates or even diverge under adverse
conditions such as an abrupt target maneuver. To avoid the nonline-
arities of rectangular coordinates, Moose and Gholson developed a
target model using polar coordinates [1].

Besides the coordinate system, the method of modeling target
maneuvers must also be considered. A logical progression of modeling
improvements has led to‘a very useful and realistic target model [2].
This model considers a typical target trajectory to be the response of
a time-correlated random acceleration [3] while large scale trajectory
changes are modeled by a semi-Markov process [1l] and [4]. More
specifically, the target model forcing function is viewed as a corre-
lated random process whose mean value randomly switches between a
finite-preselected set of values. The correlated random process,
developed by Singer [3], models target velocity changes which are
beyond the target's control, such as ocean current changes and random

fluctuations in engine output. Deliberate target maneuvers are



modeled as a semi-Markov process and account for the randomly switch-
ing mean. Each "state'" of the Markov process represents a specific
target velocity. The amount of time a target remains in the same
state, or equivalently at the same velocity, is considered random;
therefore, requiring a semi-Markov model.

In earlier versions of this model [2], many Markov "states'" were
required to adequately approximate the velocity continuum available to
a real target, which in turn, allowed proper convergence of the esti-
mation filters. However, it has been shown in [5] that the current
target model requires only a small number of states to assure proper
filter convergence.

The above target model was successfully incorporated into a
Bayesian estimator by Moose [4]. This tracking system adaptively
weights a bank of Kalman filters, each conditioned on a preselected
target state or velocity, to produce an estimate of the actual target
state. This adaptive scheme and its associated polar target model are
fundamental to this text and will be discussed more fully in due
course.

The adaptive approach is not the only solution available to the
maneuvering target tracking problem. Other techniques have been pro-
posed by Jazwinski [6] who artificially maintains filter gains at a
level which will allow detection of a maneuver. Thorp [7] has devel-
oped a tracking system which switches between two Kalman filters in

response to a detected maneuver.



1.3 Development of the Target Model

The following equations form the basis for the development of the

target dynamics model discussed in the previous section.

]

% + ax U+ (1.3.1)

X

] 1
W + aw_ w(t) (1.3.2)

where
w(t) is a Gaussian white noise process
a is the Singer correlation time constant
a is a drag coefficient
x is any rectangular coordinate
U_ is the time varying mean value of w(t) which controls the
target's velocity and maneuvers.
The first equation describes the acceleration of a target in any one
dimension of a rectangular coordinate system. This acceleration is
driven by a Singer correlated process w; which is described by equation
1.3.2.

As we mentioned in the previous section, Ux describes the target's
chosen velocity and the correlated Gaussian noise process accounts for
random fluctuations which are beyond the target's control. The
relationship between UX and the target's velocity is fundamental to
an understanding of subsequent material and shall, therefore, be
examined at this time. Under steady state conditions, ¥ in equation

1.3.1 is zero and on the average w; is also zero. So, on the average,



the steady state version of 1.3.1 is
aXx = U (1.3.3)
Now solving for §, the average velocity, we have

Ux
-2 (1.3.4)

Wl

The average velocity is actually the target's chosen velocity before
it is corrupted by random fluctuations. So, the target's chosen
velocity is simply related to Ux by the reciprical of a. Because of
this simple relationship, the reader should think of Ux and US, to be
defined later, as velocity terms in subsequent discussions.

The final target model is derived by enlisting two sets of
equations 1.3.1 and 113.2 to describe a target's motion in the x and y
directions where the x-y plane is considered parallel and fixed with
respect to the ocean floor. After placing the x and y coordinate
equations in state variable form, the final polar model is reached
through a truncated Taylor series expansion of the nonlinear trans-
formation from rectangular to polar coordinates. An outline of the
complete target model derivation [1] is given below.

By selecting x, x, and w; as the state variables, 1.3.1 and 1.3.2

can be placed in the following discrete state variable form:
X(k+l) = ¢ X(K) + T U(K) +  w(k)

or
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where T is the sample time and

A= (1 -e T/

B=(1+ (ae®T - ae™@Ty/(a - 2)1/(aa)
C= (aT - 1 + e %Ty/q?

D= [T+ (aA - ad)/(a - a)]/(xa)

g o omoT

F= (T -/ - a)

G=({ -4/(a - a)

3=@ -2y,

k is the discrete time parameter

Note that equation 1.3.5 describes target motion only in the x direc-
tion. A similar set of state equations can be derived for the y
direction.

We now wish to combine the state variable expression for the x and
y coordinate into a polar form which models range, p, and range rate,
0. This is done by expanding equation 1.3.6 in a Taylor series keep-

ing only the linear terms.

o =[x, - x)7 + (2, - y )12

o (1.3.6)

Figure 1.3.1 and Table 1.3.1 should serve as an explanation of the

geometry and terms used in this development.
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Table 1.3.1

Explanation of Parameters Appearing in Figure 1.3.1.

o) the polar radius
o difference between Vo and VS
Y P
ip unit vector defining the radial direction
Vo the velocity vector of the Observer
V0 the Observer velocity in the negative
p radial direction
VS the velocity vector of the Source
VS the Source velocity in the radial direction
p
B the angle between the polar radius p

and the (fixed) X axis

Bso the relative bearing of the Source
with respect to the Observer

Xos Yoo X5 Vo position coordinates of the Observer
and Source, respectively, in the

rectangular coordinate system



By exploiting several simplifications provided by the problem's

geometry, we arrive at the final state equations.

0 1 A B 0 C (A-T) U D
sl=1l0g& F b |+ A @D || vcoss |+ |G |wk
W' 0 0 3T || 0o 0 kg
o] ¢}

K+l
(1.3.7)
or

X(k1) = ¢ X(k) + T U(K) + ¥ u(k)

Comparison of 1.3.7 and 1.3.5 reveals that target motion in the radial
direction is modeled very similarly to that in one rectangular coordi-
nate. Note that w; and Ux have been replaced by their equivalents act-
ing in the radial direction wg and US. The state variable equations of
1.3.7 are collectively known as the radial channel model.

One important point which was lost in this abbreviated derivation
should be discussed at this time. The exact distance separating an
observer and a source is the spherical radius r, which must be measured
in three-dimensions. 1In other words, the depth difference between a
target and source must be considered (see Figure 1.3.2). However, z
in Figure 1.3.2, the depth difference, is typically much less than p
due to the limited depth range of modern submarines. Therefore, r
is approximately equal to p and the two-dimensional polar model devel-
oped above will closely approximate the spherical range and range
rate. Since r and p are approximately equal, these terms shall be

used interchangeably through the remainder of this text.
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2. DEVELOPMENT OF A SIMPLE RANGE ESTIMATOR
USING TIME-DELAY MEASUREMENTS

2.1 Overview

The goal of the next two chapters is to develop a range estimator
which will track target motion without prior knowledge of the target
status. In the past, this problem has used EKF's to process the non-
linear range measurements, The desire to avoid extended Kalman filter-
ing has inspired a new approach by Moose [2] which uses a nonlinear
prefilter to linearize the measurements so that they can be handled by
a standard Kalman filter. This chapter will discuss the measurement
equations, develop the nonlinear prefilter, and discuss associated
simulation results. The next chapter will introduce adaptive filter-

ing concepts and develop an adaptive range tracker.

2.2 Discussion of Time-Delay Measurements

The radial channel model only becomes useful when it can be
related to an available set of passive measurements. One measurement
commonly selected for ranging problems is that of time-delays. This
measurement works well with the radial channel model and can be
obtained passively, that is, simply by listening to sounds emitted by
the target. |

Time-delay measurements, see Figure 2.2.1, consist of two values:

1. T1 the difference in propagation times of the direct and

surface reflection path.

11
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2. Ty the difference in propagation times of the direct and
bottom reflection path,
Hassab [8] has shown that Ty and T, are related to target range p and

depth dT in the following way:

2 dodT
’tl = "——p—c—— (2.2.1)
T, = i (2.2.2)
2 pC

These relationships are obviously nonlinear functions of p and dT.-

In the past, each measurement of 71 and T, has been linearized through

2
a Taylor series expansion. This approach requires an EKF, whose dis-
advantages have been discussed previously, and simultaneous depth and
range estimation, which requires a large computational effort. The

desire to avoid both of these problems has led to the development of a

linearizing prefilter which is discussed in the next section.

2.3 Discussion of the Linearizing Prefilter

The desired prefilter equation, shown in equation 2.3.1, is

easily obtained by simultaneously solving equations 2.2.1 and 2.2.2

for p.
bo
p = —— (2.3.1)
Tl + ao TZ
2 dO d
where b = L
o C
ao = do/dk
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An equation for d,, can be derived in a similar manner; thereby, pro-

T

viding a means for separate depth and range estimation. In this
thesis, we shall only concern ourselves with range estimation,
Equation 2.3.1 appears to be a straight-forward method of linearizing
o, but complications arise when measurement noise is considered.

Realistically, the measurements T and T, are corrupted by white

2

Gaussian noise processes vy and v, respectively. When this noise is

2

passed through the nonlinear prefilter [2], it takes on a non-Gaussian

distribution vp defined by

T -12 v2
P(v) = T exp Te (2.3.2)
p 2 2 2
V21 (p + vp) 207(p + vp)
where TT = Tl + ao T2

and the measurement equation at the output of the prefilter is now
z =p +v (2.3.3)

A typical curve of vp is shown in Figure 2.3.1.

Closed form solutions to the integrals required for vo mean and
variance calculations could not be found. Therefore, the statistics
were examined through simulation. Simulated values of vp were gener-
ated and analyzed as is shown in Figure 2.3.2. A limiter is used at
the output of the prefilter to prevent infinite variance values. Thé
results are summarized in Table 2.3.1 for several different SNR's.

Note the SNR is controlled by o which is the variance of vy and Ve
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95k to 105k

85k
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65k

55k
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95k

85k

75k

65k

55k

45k

35k

25k

10k

Table 2.3.1

Results of Measurement Noise Mean and Variance Calculation

g = Smsec

Mean Variance
~364. .361 x 100
3545. .269 x 10%°
6204. .190 x 100
7068. .127 x 1010
6841. .780 x 10°
5588. 427 x 10°
3518. .192 x 10°
1650. .605 x 108
487. .102 x 108
62. .549 x 10°

g

_Mean ’
11400.
'10300.
8679.
6560.
4527.
2750.
1413.
588.
175.

24.

o = 3msec
Variance

.216 x

.153 x

.103 x

.641 x

.354 %

.168 x

.633 x

<179 x

.323 %

.191 x

Standard Deviation of v, & v

1 2

1010

l010

lo10

109

10°

109

108

108

107

106

0:

Mean

2436.

1766.

1238.

831.

527.

310.

163.

72.

23.

3.8

lmsec
_Variance
.255 x 10°
.161 x 10°
.972 x 108
.553 x 10°
.290 x 108
.137 x 10°
.552 x 10’
.172 x 10’
.336 x 10°
.208 x 10°

LT
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Table 2.3.1 shows that vp has a non-zero mean and a variance
which are nonlinear functions of range and SNR. These statistics
must be altered for they are not compatible with the Kalman filter
that will process the range measurements. For example, vp must be
zero mean. This is achieved by a table look-up of the measurement
noise mean based on the tracker's previous estimate of p and the SNR
(see Table 2.3.1). This mean is then subtracted from the current
measurement zp producing a zero mean noise process, A similar table
look-up method is used to select the proper variance required by the
Kalman filter. Simulations have shown that the values in Table 2.3.1
are sufficient to insure measurement compatibility with the Kalman
filters.

Numerical integration of the variance expression for vp has shown
that the variance at any range is infinite. This explains the limiter
used in Figure 2.3.2. A similar limiter is required for z to make
the measurement noise statistics compatible with those of Table 2.3.1.

A summary of the measurement compensation schemes is given in Figure

2.3.3.

2.4 Results From a Matched Kalman Filter Range Tracker

With the measurement linearization and compensation complete, zp
is ready to be processed by a Kalman filter. The radial channel model
provides the basis for the Kalman filter which will track p from zp.
The Kalman filter equations used throughout this thesis are discussed

in Appendix A. A simple matched Kalman filter is first used to test
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the validity of the compensation schemes. The term "matched" refers

to the fact that the Kalman filter knows the value of Us' Typical
results using an approaching-target scenario are shown in Figures 2.4.1
and 2.4.2 for large and small SNR cases respectively.

Before considering the filter performance, one should note the
behavior of zp. Both figures demonstrate the reduction in variance of
zp as range decreases. Figure 2.4,2 shows particularly well the effect
of vp's non-zero mean. The vp values should be evenly distributed
around p; however, those values of vp larger than p have approximately
twice the magnitude of those smaller than p. There is also quite a
difference in the overall variance of zp in the two figures due to the
difference in the SNR's. The value of o is lmsec in Figuré 2.4.1 and
Smsec in Figure 2.4.2.

The Kalman filter provides very good p estimates particularly at
closé range and when o is small. These are situations where the SNR is
large and one would expect an improvement in tracker performance. The
measurement compensations are sufficient to allow convergence of the

A

tracker; however, they are responsible for some of the p inaccuracies.
Other 5 errors can be attributed to the non-Gaussian nature of vp.
Note that the symbol "~ denotes an estiméte.

A1l things considered, the tracker performance is excellent, yet
is is useless in its present form. Currently the tracker has, for test
purposes, a knowledge of US which it would never have in a practical
situation. The final tracking system must be able to track the target

without knowledge of Us' One solution to this dilemma is discussed in

the next chapter.
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3. DEVELOPMENT OF AN ADAPTIVE RANGE TRACKER

3.1 Introduction to the Adaptive Filtering Approach

The problem of tracking target range without prior knowledge of Us
can be handled by adaptive state estimation. This involves the use of
several tracking filters each conditioned on a different assumed value
of Us' The output of these filters is then adaptively weighted to pro-
duce the final unconditional estimate, The mathematical development of
basic adaptive filtering techniques is quite complicated and provides
little insight into the operation of an adaptive filter. Therefore, we
will simply examige the operation of a general adaptive filter from a
qualitative view point and then discuss the specific adaptive filter
structure to be used for range tracking. The interested reader should
refer to Ref. 4 for the complete mathematical development.

To simplify the qualitative explanation, we will assume that the
adaptive filter has available only velocity measurements. The target
velocity in the polar direction can be represented approximately by a
time-correlated Gaussian noise process with a mean US. The parameter
Us is related to the target's chosen velocity and the Gaussian distri-
bution accounts for random fluctuations beyond the target's control.
This velocity distribution is shown in the top half of Figure 3.1.1.

If the tracking filter knows the value of Us’ as it did in the
last chapter, it can readily follow the random fluctuations in
velocity around US and provide a good estimate of p and 6. If the

(1)

filter utilizes a value US which is not equal to US, it will assume

23



Target Velocity Dist.

- /V/"— -\
/S
— z (k+1) z (k) T —
| v, !
| '
, !
1 |
Filter Bank Velocity Dist. | !
J ! )
P _(2(k+1)/U(K) = Us(i)’ 2()) | | P {z(K)/U(k-1) = U, 2 (kD)
I ' —_—
e , )
//3
| 1
[} []
| ]
]
— " - // b s T Bt ——————— e —
(2) 3) )
U U U
S S S
Filter 2 Filter 3 Filter 4

Figure 3.1.1. Target Velocity Distribution vs. Filter Bank Velocity Distribution,

vt



25

a displaced velocity distribution similar to those of filter 3 or 4 in
the lower half of Figure 3.1.1. The mismatched filter follows the
random fluctuations in target velocity, but they are assumed to be

(1)

around a mean of Us rather than Us' Therefore, the mismatched

filter's output will be similar to that of the matched filter except
for a bias proportional to the difference between Us and Us(i).

By using several filters, each conditioned on a different value
of Us(i), an overlapping distribution like that in Figure 3.3.1 can
be formed. By comparing the target velocity distribution to this over-
lapping set of distributions, we get a feel for the true value of Us'
For example, we can see that the target velocity distribution in
Figure 3.1.1 is located between those of filters 3 and 4. Therefore,

(3) (4)

Us is between US and US and the target velocity will be between
the velocity estimates of filters 3 and 4. The final velocity estimate
of the adaptive filter is formed by a weighted sum of the filter out-
puts. The ith weighting factor is related to how close the target
velocity distribution is located to that of the ith filter. Therefore,
one would expect the weighting factors associated with Figure 3.1.1 to
be large and approximately equal for filters 3 and 4 and small for the
remaining filters.

To understand the exact calculation of the weighting factors, one

th

must think of the velocity distribution associated with the i~ filter

(Figure 3.1.1) as being the distribution for the probability that a
(1)

measurement resulted from a target whose US equals US This new

probability is calculated for each filter every measurement. The



weighting factors are proportional to these probabilities and their

sum equals one. For example, the probability of the measurement z(k)

(4)

(Figure 3.1.1) resulting from a target whose US equals US

(1)

than that for any other US . Therefore filter 4 will receive the

is greater

largest weighting factor. The probability of the next measurement

z(k+l) being from a target whose US equals Us(3)

is larger than any

other filter, so filter 3 will receive the largest weighting factor.
Since the weighting factors are based on the relationship of the

g (D

target's US to the filters' , they should remain constant until

US changes with respect to the Us(i)'s. However, measurement noise
and the random nature of the target velocity cause the measurements to
assume different values at each iteration of the tracker even if US
remains constant. This in turn forces the weighting factors to change
value at each iteration. One way to stabilize the weighting factors is
to average them. Simulations have proven the viability of this stabi-
lizing approach.

In summary, an adaptive filter consists of several Kalman filters,
each conditioned on a different value of Us(i) . The output of each
filter is adaptively weighﬁed by a factor proportional to the proba-
bility that the received measurement resulted from a target whose
velocity distribution is the same as that of the filter in question.
The weighting factors are averaged to minimize fluctuations caused by

measurement noise. The final unconditional estimate is obtained from

the sum of the weighted filter outputs.
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The specific adaptive filter to be used, with the range tracker
developed in Chapter 2, processes range measurements and consists of
six Kalman filters. The value of Us(i) used by the ith filter is .6
greater than that of the (i—l)th filter. The filter bank spans the
entire velocity range of typical targets to insure proper target

tracking at any velocity. The weighting factors are expressed mathe-

matically as

w(k+l) = C(k)P" (k)0 T (k)w(k)
) R (3.1.1)
wktl) =3 ] w(d)

i=kr1-N

where
w(k+l) is a 6x1 vector containing the new weighting factors for
the six Kalman filters
C(k) is a scalar chosen to make the sum of the weighting factors
at time k+1 equal to one
P*(k) is a 6x6 diagonal matrix. The (i,i) element is the
probability that a measurement resulted from a target

b @
S

.

whose U_ =
s
*

o] T is a 6x6 matrix which models the semi-Markov nature of a
maneuver. The (i,i) element is the probability that the
target will remain in the ith velocity state. The (i,j)
element is the probability that the target will change

from the ith to the jth velocity state. The sum of the

elements in each row or column must equal omne.
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w(k) is a 6x1 vector containing the previous weighting factors.
* the asterisk is used to reduce confusion between P and &

used in the Kalman filter equations of Appendix A.

These weighting factors are computed in basically the same manner
as were those described earlier in this section, with the exception of

*T . . . ca s .
the ¢ term. This matrix defines the probabilities of various target
maneuvers which are considered to have semi-Markov statistics. Typical
probabilities used in ¢ are .8 for maintaining the same velocity and
.04 for any change in velocity. These values typically remain con-
stant for an entire scenario.

The Gaussian probability distribution used to calculate P(i,i) is

Z?
* _ -1/2 v
P(i,i) =e (3.1.2)
where Z=z(k+l) - H(¢ x(k) + T US(i))

V = (HM(k+1)H' + R)

The values of Z and V are easily obtained from each of the Kalman
filters in the filter bank. See Appendix A for an explanation of the
terms in Equation 3.1.2 and their relationship to Kalman filtering.
The value of V is the same for all of the filters; therefore, it need

only be calculated once.

3.2 Performance Analysis of the Adaptive Range Tracker

The adaptive filter discussed in the last section forms the basis
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for an adaptive range estimator which can track a target without know-
ing Us. A block diagram of the complete range tracker is shown in
Figure 3.2,1. From this figure, we see that the Kalman filters have
been separated into gain and conditional range estimate sections. The
gain section is the same for all of the filters and only needs to be
calculated once per measurement, The conditional range estimate
section is different for each filter and must be calculated six times
per measurement; once for each filter. We also see that the input
measurements are averaged. This is done to Gaussianize the input noise
distribution via the Central Limit Theorem. The number of input
samples averaged is kept small, 10 or less, to minimize unwanted
correlation effects,

A simple first order digital filter of the form
p (kH1) = ap_(k) + bp (k+l) (3.2.1)

is used to smooth out unwanted fluctuations in the range estimate.
Since this filter is also used with all subsequent adaptive filters,
the cumbersome subscript s, for smoothed, will be dropped and the
symbol " will henceforth designate the final estimate whether it is
smoothed or not. It should be clear from the text and figures when a
smoothing filter is used.

Typical simulation results from the range tracker are shown in
Figures 3.2.2 through 3.2.4. The noise has been left out of these
Plots for clarity. The scenario used to generate the figures starts

with the target at a range of 50,000 ft. approaching the statiomary
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observer at -15 ft/sec (negative sign denotes an approaching velocity).
After approximately 43 minutes, the target abruptly changes its
velocity to +15 ft/sec, The measurements in these figures are averaged
over 10 samples and the weighting factors are averaged over 30 samples.
The sampling time is 10 sec. and the value of ¢ is 3 msec. The digital
filter coefficients a and b are .7 and .3 respectively.

Figure 3.2.2 shows that the range estimate converges quickly and
maintains track even through the abrupt maneuver. There is a slight
lag time in 5 due to the compensation, averaging and smoothing required
to obtain the desired p form. This lag time is considered an accept-
able trade off for the more desirable quality of a smooth estimate.
While judging these plots, one must keep in mind that the adaptive
tracker has no information about Us’ as did the matched Kalman filter
of Chapter 2. Yet, the adaptive tracking results are quite good and
comparable to those of the matched tracker. The fact that the results
from these two filters are indeed comparable greatly supports the
validity of the adaptive filtering approach.

Figure 3.2.3 illustrates the performance of the velocity estimate
provided by the range tracker. The velocity estimate converges rather
slowly and tends to track the average rather than the instantaneous
target velocity. The performance of the velocity tracker can be
improved by changing various parameters of the tracker such as the
number of measurements and/or weighting factors averaged. But, this
tracker is primarily designed to produce the best estimate of range

and not velocity. Therefore, we must accept the velocity estimate as
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is, which is not band considering its secondary role, A tracker
designed specifically for velocity estimation will be developed in
later chapters.

The third plot in this group is included to provide some insight
into the operation of the adaptive filter. The two values of US used
in this scenario are -.6 and .6 chronologically. These values corres-—
pond to the values of Us(i) used by filter 4 and filter 2 of the
adaptive filter bank respectively. Before the maneuver, we would
expect the weighting factor of filter 4 to approach one while that of
filter 2 approaches zero. After the maneuver, the weights should
switch values. Figure 3.2.4 illustrates that the weighting factors
behave exactly as expected.

The scenario used in these three figures incorporates values of US

(1),

s of the filter bank. However, the

(1)

target's US need not be restricted to only the values of US . This

which exactly match the US

scenario was selected to insure a good plot of the weighting factors'

behavior. The tracker performs well with any value of Us between two
. i , -

consecutive values of US( ). The performance is similar to that shown

in the previously discussed figures, so no new plots have been

included.
3.3 Conclusion

The desire for a range estimator which can track a target at any
velocity and do so with regular rather than extended Kalman filters

has led to the adaptive range estimator discussed in this chapter.
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The nonlinearities of time-delay measurements are handled by a lineari-
zing prefilter and several measurement compensation schemes, Adaptive
filtering techniques allow estimation of target range and velocity
regardless of the target's value of US. The performance of the adap-
tive tracker is quite good though the velocity estimate could be
improved. A different approach to velocity tracking will be explored

in the next two chapters in an attempt to provide an independent source

of velocity estimates.



4. INTRODUCTION TO PASSIVE TRACKING USING FREQUENCY MEASUREMENTS

4.1 Introduction

In the first chapters of this thesis, range and range rate were
estimated from time-delay measurements. These measurements provide
good results, but are not always available, for source and observer
maneuvers can change the signal propagation paths in such a way as to
pre§ent their convergence at the observer. Therefore, time-delay mea-
surements should not be depended upon as a sole source of information.
Fortunately, a submarine provides other measurable signals whose infor-
mation can be exploited to back up and/or complement that provided by
the time-delay measurements. For example, frequencies generated by
rotating machinery on board the submarine contain range rate informa-
tion derived from the Doppler effect. Consequently, frequency measure-
ments can provide the desired "independent' method of determining
range rate. This chapter will discuss the Doppler effect and the use

of frequency measurements in a simple passive tracking scheme.

4.2 Fundamental Doppler Principles

Simply stated, the Doppler effect is the observed frequency shift
of a signal during a change in the relative position between an

observer and a signal source. Mathematically, the frequency shift is
Af = -f_p/C (4.2.1)

where fo, 5, and C are the center frequency or actual signal frequency,
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relative radial velocity and speed of sound in water respectively.
This frequency shift added to the center frequency yields ft the fre-

quency seen by an observer.

..fp
= 2 | = -0
f_ = fo + [ C ] fo(l o/C) (4.2.2)

Strictly speaking, equation 4.2.2 applies only to the case of a
stationary source with a moving observer and not to the case of a
stationary observer with a moving source. However, it can be shown
that equation 4.2.2 is valid for the latter case if the speed of the
source is much less than C as is the case for submarines [9].

To be useful, equation 4.2.2 must also apply to the typical case

of a moving observer and source. The exact mathematical formula for

L ]

e

where VS and Vo are the source and observer velocity respectively and

this case is

(4.2.3)

o|m< o|o<

the upper (lower) signs imply a converging (diverging) relative range
rate. By assuming that Vs and Vo are much less than C, equation 4.2.3
will simplify to equation 4.2.2 [9]. Since the assumptions on VS and
Vovare valid for underwater scenarios, equation 4.2.2 represents the
observed Doppler-shifted frequency for all cases of observer-source
motion.

Examination of equation 4.2.2 reveals that an approaching

(diverging) source with a negative (positive) range rate produces an
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observed frequency which is greater (less) than the center frequency.
The effect of the range rate sign on ft is easily seen by the station-
ary observer of an approaqhing train sounding its whistle. As the
train passes the listener, the range rate changes from negative to
positive and the observed whistle frequency changes from fo plus Af

to a lower frequency of fo minus Af.

The most important result of equation 4.2.2 is that it expresses
an observed frequency in terms of the desired quantity range rate. 1If
fo is known, the observed frequency is simply a linear function of the
range rate. This simple case is examined in the next section.

4.3 Velocity Tracking Using the Doppler Effect With Known Constant
Center Frequency

The tracking problem is greatly simplified if the center frequency
is completely known. Unfortunately, this is rarely the case. The
center frequency typically consists of a known constant component fc
and an unknown random component fr' Before examining the case where
fo is the sum of fc and fr’ we will examine the simpler case where fo
is constant and equal to fc' These two cases are referred to as the
random center frequency (RCF) and constant center frequency (CCF)
problems respectively. Examination of the CCF tracker will provide a
foundation for the development of an RCF tracker.

To develop the CCF tracker, we must make the assumption that an
estimate of fc is available from time-delay or bearing measurements.
Since fo equals fc which is constant and known, fo can be considered as

a bias and subtracted from both sides of equation 4.2.2 to yield 4.3.1
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-f
Af (k+1l) = [%] 0 (k+1) (4.3.1)

Now the measurement is simply the Doppler shift and is linearly related
to the state variable range rate. By using a reduced order version of
the radial channel model from Chapter 1 to estimate 5, the Doppler
shift can be passively tracked by a Kalman filter with the following

measurement equation

-f 0
zo(k+l) = AE(k#l) + v(k+l) = |: —C°- o] + v(k+l)  (4.3.2)
w|
k+1
zf(k+1) = Hx(k+1l) + v(k+l)
where the reduced order radial channel model is
0 E F 0 A (E-1) U, G ]
= —ar + + wf(k)(4.3.3)
w! 0 e w! 0 0 \Y J

A white Gaussian noise term v(k+l) has been added to equation 4.3.2
to model measurement noise.

The integrity of this model is shown in Figure 4.3.1 where the
Kalman filter is matched to the plant (i.e. the Kalman filter knows
the value of US). Noise is not shown in this nor the remaining
velocity plots for it is in terms of frequency not velocity. However,
Figure 5.3.4 does provide some insight into the scope of frequency

noise.
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The velocity of the observer and source in Figure 4.3.1 are both
5 ft/sec. Therefore, their relative range rate is equal to zero. The
initial estimate is set equal to the relative range rate in this and
all subsequent plots. The sampling time is 10 sec. and the variance
of v(k+l) is 0.09. A block diagram of the plant model used in this
and all subsequent plots is shown in Figure 4.3.2. This figure also
defines some important parameter values.

The Kalman filter output converges quickly and produces an excel-
lent estimate of the plant velocity. Though the matched Kalman filter
demonstrates the validity of the state model, it is useless in practi-
cal situations. As with the range estimator the final velocity tracker
must be able to track a target's velocity without prior knowledge of
US. Therefore, we must expand the current tracker to an adaptive
format like that used with the time-delay measurements.

To this end, six Kalman filters, each conditioned on a different
value of Us’ are used to adaptively track the frequency measurements.
The filters are separated in velocity by 10 ft/sec and are adaptively
weighted in the same manner as are the time-delay filters. The uncon-
ditional velocity estimate is smoothed by the first order digital
filter of equation 3.2.1 with a and b equal to .9 and .l respectively.
Note that no input averaging or compensation is required due to the
zero-mean Gaussian statistics of the measurement noise. Typical results
from the adaptive frequency tracker are shown in Figure 4.3.3 where:
V0 is 5 ft/sec, Vs is -13.75 ft/sec, the sampling time is 10 seconds

and the variance of v(k+l) is 0.09.
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Before examining Figure 4.3.3, one must consider the following
observations., The lack of information about US causes a greater degree
of error in the estimate of the adaptive filter then in that of the
matched filter. Some of the errors could be reduced by fine tuning
various parameters of the filter to increase tracking performance.
Héwever, a great deal of time and computer funds can be expended in
the fine tuning process which is generally only'attempted with real
data anyway. And finally, some of the errors seen in Figure 4.3.3 can
be attributed to inaccuracies in the Gaussian random variable generator
used in the simulation. Therefore, we shall be satisfied to simply
demonstrate that the adaptive tracker provides reasonable estimates
and is consequently a valid approach to the problem. Keeping the
above in mind, the results of Figure 4,3.3 are quite reasonable and
demonstfate the validity of the adaptive tracking approach.

With the integrity of the constant center frequency tracker now
demonstrated, we are in a position to attack the random frequency
tracking problem. If a Kalman filter can be developed to estimate
the random variation around the mean of fc’ this estimate can be sub-
tracted from the current frequency measurement yielding the constant
center frequency problem discussed in this chapter. Efforts to this

end are discussed in the next chapter.
4.4 Conclusions

The need for information to backup the time-delay measurements

can be fulfilled by frequency measurements with the use of the Doppler
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effect. 1In the case where the center frequency is known and constant,
the velocity tracking problem is straightforward and utilizes the
adaptive techniques developed for time-delay measurements., The adap-
tive frequency tracker developed for the constant center frequency
problem provides good results and is also a foundation for the develop-

ment of a random center frequency tracker.



5. PASSIVE TRACKING USING THE DOPPLER EFFECT
WITH A RANDOM CENTER FREQUENCY

5.1 Introduction

To address the realistic passive velocity tracking problem, one
must consider the center frequency to consist of both a constant and

random component as shown in equation 5.1.1.
f0 = fc + fr (5.1.1)

where fo’ fc’ fr are respectively the center frequency seen by the
observer, the constant portion of fo, and the random portion of fo.
The center frequency is produced by rotating machinery on board the
submarine. Ideally this machinery should produce a constant frequency
fo, but temperature fluctuations, changes in load, etc. cause the
random fluctuatioms, fr’ and consequently the random center frequency
fo.

We are assuming that fc is known, so we are faced with the problem
of estimating fr’ If this can be achieved, the random center frequéncy
problem will simplify to one of constant center frequency tracking by
merely subtracting the fr estimate from the current frequency measure-

ment. Development of a fr tracker is based on work done by Moose and

McCabe [9] and is discussed in the next section.

5.2 Development of a Random Center Frequency Estimator

To fully understand the required structure of the fr tracker, we

must take a closer look at the measurements the tracker will use.
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Remembering that the frequency measurement is the sum of the Doppler

shift and the center frequency, we can write
! = <+
z2g fc ! fr + Af + v (5.2.1)

using equation 5.1.1 and neglecting the (k) time notation. We assume
fc is constant and known so that it can be subtracted from both sides

of 5.2.1 to yield the measurement available to the fr tracker.
"o
zg fr + Af + v (5.2.2)
By neglecting noise, we can define the underlying process as:
f' = £ + Af (5.2.3)
o T

The significance of equation 5.2.3 is that the quantity we wish to
track, fr’ is not only corrupted by noise, but also by an unknown
bias Af. The selected fr tracker will be a Kalman filter whose state
variable model must be able to estimate fr as a zero mean process
regardless of the bias Af. Simulations using various state variable
structures have shown that a two-dimensional state model provides the
best results. The first state variable tracks fé and forces the second
state variable to maintain a zero mean while tracking only fr.

The required state equations can now be developed with the assump-
tions that the distribution of fr is Gaussian with zero mean and the

autocorrelation function of fé is

R, (1) = w5)? + o2 o 8l7l (5.2.4)
(o]
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where g is the correlation time constant. This autocorrelation func-
tion was selected for it, "provides a tractable yet realistic model
for actual random phenomena," [9] and it allows for bandwidth selection
using the parameter c. We also assume that the target maintains a
constant velocity profile for long periods of time so that Af in
equation 5.2.4 can be considered constant. This assumption is valid
for most underwater scenarios and will prove to be quite useful in
later simulationms.

Since fr is simply modeled as a correlated white noise process,

its state variable equation can easily be expressed in discrete form as
£ (k) = e 8T £ (i) + é-(l - 8Ty v () (5.2.5)

where we is a zero mean white noise process and g is the correlation

time constant. To obtain the state equation for fg we substitute

equation 5.2.5 into equation 5.2.3 to yield
£1(k#1) = AECetD) + e 8T £ (k) + 7 w (k) (5.2.6)

where

T

J = a - e 8 )

0 |+

Equation 5.2.6 is not yet a valid state equation for Af is unknown.

This problem is easily handled by noting that

Af (k)

fé(k) - fr(k) (5.2.7)

and

Af (k) = Af(k+1l)
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By substituting this into 5.2.6, we obtain
£1 (kL) = £! (k) + 8T _ 1) £(R) + T w (k) (5.2.8)

Equations 5.2.8 and 5.2.5 constitute the state variable model
used by the fr tracker. These equations are shown in matrix form
below.

£! 1 (8T - 1y 3 |
= + wf(k) (5.2.9)

zg(k+l) =[1 0] fé + v(k+l)

f
r

A Kalman filter based on 5.2.9 was developed to track the random
component of the center frequency. Typical results from this filter
are shown in Figure 5.2.1 where the sample time is 10 seconds and fr
is generated as shown in Figure 4.3.2. The fr tracker converges
quickly and produces excellent estimates of fr until a target maneuver
is encountered at 500 seconds and Af changes value. The change in Af
causes a bias in the estimate of fr. Though %r closely estimates fr
except for this bias, the information is useless unless Er is zero
mean. Luckily, this bias can be eliminated, after the target maneuver
is complete, by reinitializing the filter. This allows %é to assume
the new Af as its mean value and %r to return to its desired zero mean.
This characteristic of the fr tracker will be referred to in the next

section during a discussion of target maneuvers.
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5.3 Performance of the Velocity Tracker with Random Center Frequency

With a method for tracking fr at hand, a velocity tracker based
on that discussed in Chapter 4 can be developed to track 5 in spite of
a random center frequency. A block diagram of the velocity tracker is
shown in Figure 5.3.1. This figure shows that Er is simply subtracted
from zg to yield an equivalent CCF measurement which is filtered by
the velocity tracker of Chapter 4. Before examining the complete
adaptive velocity tracker, a single Kalman filter matched to the plant
is used to determine the effects of fr errors on the velocity estimate.
Thg results are shown in Figure 5.3.2 where Us is .2 and T is 10 sec.
This is the same scenario used in Figure 4.3.1. A comparison of these
two figures shows that errors in Er do increase the inaccuracy of the
final velocity estimate, but not significantly. Once the filter con-
verges, the 5 estimates are quite good and show that extension to an
adaptive scheme is quite feasible.

The final adaptive filter is achieved by feeding the measurements,

A

z; - fr’ into the adaptive filter of Chapter 4. Typical results from
this velocity tracker with RCF are shown in Figure 5.3.3. The scenario
used to generate Figure 5.3.3 is exactly that used for Figure 4.3.3.
Comparison of these two figures shows that the velocity tracker with a
RCF tracks about as well as does the tracker with CCF.

A final plot 5.3.4 is included to show the effect of measurement

noise. This figure compares the random center frequency with the mea-

surement z%.
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To this point, maneuvers have been neglected so that they could
be discussed in light of the tracker just developed. In both the CCF
and RCF cases, the Kalman filter gains are allowed to decrease to
their minimum values to obtain the most accurate estimates. This pro-
cedure works well as long as the target maintains a constant velocity
profile. However when a maneuver is encountered, the small gain values
combined with a sluggish response by the adaptive weighting factors
causes a painfully slow convergence of 5 to the new value of 5.

In the CCF case the convergence can be greatly improved by simply
reinitializing the entire tracker once the maneuver is complete. This
temporarily increases the gains allowing the Kalman filter to quickly
converge to the proper value. The RCF case is further complicated by
the bias created in %r during a maneuver. A carefully selected
sequence of:

1. waiting for the maneuver to end

2. reinitializing the fr tracker and waiting for it to converge

3. and reinitializing the adaptive velocity tracker
must be followed to successfully track a maneuver.

The problem of efficiently handling maneuvers with the velocity
tracker just developed would merit a chapter of its own if discussed
fully. However, discussion of maneuvers shall stop at this point for
it is not the intention of this thesis to exhaustively examine this
area, but rather to merely expose it as an interesting area requiring

further study.
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5.4 Conclusion

In real life situatiomns, the center frequency generated by a
source is comprised of random and deterministic components, To track
the velocity of a source with such a center frequency, an estimate of
the random portion must be obtained. A state variable model and an
associated Kalman filter have been developed to track fr which is then
subtracted from the current measurement value. The result is filtered
by the adaptive Kalman filter of Chapter 4 to produce an estimate of
the source velocity. The tracker performance of the RCF case is
quite reasonable and is very close to that of the CCF case as long as
the target maintains a constant velocity profile. Once a maneuver is
encountered, both cases require reinitialization. However, the exact

approach needed for the RCF case requires further study.



6. CONCLUDING REMARKS

In this thesis, two adaptive trackers have been. developed to esti-
mate the range and/or velocity of maneuvering underwater targets. The
trackers process different types of passive measurements so that they
can back up and/or complement each other. Both trackers are based on
the same basic state equations which model target dynamics in the
radial direction. Adaptive tracking techniques allow the trackers to
produce reasonable estimates of range and velocity with little or no
apriori knowledge.

The range tracker, discussed in Chapters 2 and 3, utilizes a non-
linear prefilter to linearize its time-delay range measurements. This
prefilter necessitates the use of several input compensation schemes
to make the measurement noise vp suitable for Kalman filtering. The
range tracker, though noticeably affected by the input preprocessing,
produces excellent range estimates which converge quickly and maintain
track even through an abrupt target maneuver, The range tracker is
also quite robust, that is, it resists divergence under adverse
conditions such as low SNR or an abrupt target maneuver. This is
particularly satisfying, for this tracker was developed primarily to
avoid the divergence problems inherent to EKF's. The range tracker's
velocity estimate could stand improvement, but it is acceptable in
light of the estimator's primary range tracking role.

The velocity tracker, discussed in Chapters 4 and 5, processes
frequency measurements to provide a second source of velocity esti-

mates. A special Kalman filter has been developed to estimate the
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random fluctuations in the target's center frequency. This fr tracker
simplifies the RCF tracking problem to one of CCF tracking_which can
be handled by an adaptive filter similar to that used by the range
tracker. The adaptive velocity tracker provides promising results,
but there are a few problems which require further study. Primarily,
the trackers sluggish response to target maneuvers.

Our primary goal of demonstrating the validity of the selected
adaptive approach has been achieved. The results presented herein
show that adaptive tracking techniques are a viable solution to several
passive tracking problems. But, this work is intended only as a begin-
ning. Both tracking systems need to be rigorously tested using real
data. These tests should include a "fine tunipg" process whereby the
optimum value for parameters, such as sampling time and filter sepa-
ration, can be selected. A reinitialization scheme needs to be
developed for the velocity tracker which will allow it to quickly
converge to the proper velocity after a target maneuver. Once these
trackers are in their final form, the area of combined operation must
be explored. By sharing results, the individual estimates of these
trackers may be improved.

In any case, the results presented demonstrate the potential of
the selected tracking schemes. It is hoped that they will also inspire

others to extend the ideas developed herein.
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APPENDIX A

The basic Kalman filter equations used in this thesis are des-
cribed below.

Given a state variable model of the form

K(etl) = ¢ X&) + T UCK) +  w(k)

where

(o]

is a vector containing the state variables

is the state transition matrix

([ n] -

is a deterministic input vector related to the sources velocity

-3

is a transition matrix associated with U

Y is the input transition matrix

w is a Gaussian zero-mean white noise process
k is the discrete time parameter

and the measurement equation
z(k+l) = H X(k) + V(k+1)

where
z is the measurement
H is a vector describing the relationship between the measurement
and the state variables
V is a zero-mean Gaussian noise process
the Kalman equations areﬁ

1. The estimate equation

X(eHl) = ¢X(k) + TU(K) + G(ll) [z (ktl) - H(6X(K) + TU(K))]
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2. The gain equations

M(k+1)HY (BM(k+1)HE + R) T

Gkl =
M(k+l) = 0P (K)OT + YQuT
P(k+l) = (I - G(k+1)H)M(k+1l)

where

A

X is the estimate of the state variables
G is the filter gain

P(k) = E[(X - ) &~ D],

Q= E[w-wT]

I is the identity matrix

Note: The range tracking Kalman filters require a third term in the
equation for M(k+l). This term is

2
AU
r 17 r

where

(1),

AU is the difference between two consecutive Us s in the
adaptive filter bank.
The reason for this term and its derivation are given in

Reference 2.
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EXAMINATION OF SELECTED PASSIVE TRACKING SCHEMES
USING ADAPTIVE KALMAN FILTERING
by

Timothy E. Dailey

(ABSTRACT)

In the past, passive SONAR range tracking systems have used
Extended Kalman filters to process nonlinear time-delay measurements.
This approach has several flaws due to the inherent divergence prob-
lems of Extended Kalman filters. This paper discusses a new approach
which uses a prefilter to linearize the measurements so that they can
be processed by a standard Kalman filter. The approach is subsequently
expanded for use with an adaptive Kalman filter which allows source
maneuvers to be tracked.

A new approach to passive Doppler velocity tracking is also pro~-
posed which uses a dedicated Kalman filter to track random fluctuations
in the sources center frequency. This dedicated tracker simplifies the

problem so that it can be handled by a basic adaptive Kalman filter.
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