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Robust broadband matched-field
processing:
Performance in shallow water by
simulation

D.F. Gingras

Executive Summary: Matched-field processing (the incorporation of acous-
tic modelling into target localization array processing) has been demonstrated
to provide accurate estimates of target depth and range when the environment
is well known. When the environment is imprecisely known the performance
degrades. In a previous report, SR-201, robust matched-field processing meth-
ods were developed. In this report the performance of the robust methods is
evaluated and reported for a range-independent shallow-water application.

The performance of the robust methods was compared with that of the nom-
inal processor, that is, the processor based on a single set of environmental
parameters thought to be closest to the actual. The simulation results indicate
that the robust methods provide significant performance improvements over
the nominal processor.

Computer simulation methods were used to perform the evaluation. The
matched-field processing performance was evaluated in terms of the peak-to-
largest sidelobe ratio. Performance results were computed as a function of

uncertainty in water-column sound speed, channel depth and sound speed in
the bottom.

This report discusses an improvement to the matched-field processing algorithm
which may improve the estimate of a target’s depth and range, especially in
shallow water. The next step is to evaluate the performance of this algorithm
using actual target data.
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Robust broadband matched-field
processing:
Performance in shallow water by
simulation

D.F. Gingras

Abstract: An issue of concern for matched-field processing is the strong de-
pendence between performance and precise knowledge about the environmental
parameters. Recently a robust matched-field processor based on minimax ro-
bust filtering methods was developed. In this report simulation methods are
employed to evaluate the performance of the minimax robust method as well
as other robust methods for a range-independent shallow-water environment.
The performance of the robust methods is compared with that of the nom-
inal processor, that is, the processor based on a single set of environmental
parameters thought to be closest to the actual. The matched-field processing
performance is evaluated in terms of the peak-to-sidelobe ratio, the simula-
tion results indicate that the robust methods provide significant performance
improvements over the nominal processor in the presence of uncertainty in
water-column sound-speed, channel depth and sound speed in the bottom.

Keywords: Matched-field processing o minimax methods o normal-mode
modelling.
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1

Introduction

The work of Hinich [1] and Bucker (2], which uses a deterministic full-field acous-
tic model to accurately predict the properties of the underwater channel, has been
applied to array signal processing [3]. This method of array processing is usually
referred to as ‘matched-field’ processing. There has been a number of papers that
have dealt with the effect of uncertainty about environmental knowledge on the per-
formance of matched-field processing [4-9]. References [4-8| discuss this problem for
shallow-water applications, in general, analyzing the effects of environmental and
system parameter uncertainty on processor performance at a single frequency for
one or a small number of source locations. Reference [9] provides somewhat more
general methods for predicting the effect of environmental uncertainty on detec-
tion performance for any specific environment and system. In summary, the major
effects of uncertain environmental knowledge on the performance of matched-field
processing are: (i) a reduction in the ratio between the peak amplitude at the source
location to the amplitude of the highest sidelobe, and (ii) error in the location of
the source peak in range and depth. It can be concluded that for most applications
the performance of matched-field processing is very sensitive to uncertainty about
environmental knowledge.

It is apparent that acoustic model-based array signal processing methods that are
robust or tolerant of uncertainty in environmental knowledge are required. In most
design problems, including array processing, there is a performance measure M(h,q)
which is to be minimized to design a filter h, where h € H and H is a space of
possible designs, under an operating condition g, where ¢ € @ and @ is a possible
set of operating points or models, see Ref. [10]. The traditional design approach is
to select a particular model ¢, € @ and determine h, such that

M(ho,qo0) = };Iélg M(h,qo).

The usual array processor is of this form where h is a matched filter based on a single
representation of the environment g,. This design approach makes no allowance for
tolerance to uncertainty in the model point q,. If, in fact, it is known that knowledge
about ¢, is uncertain and that g, actually may fall in some neighborhood P then
it would be important to know the worst case performance of h over P, i.e., the
quantity

M(h,q).
e (h,q)

The minimax criterion is based on the minimization of this worst case performance,
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The objective of this report is to provide an evaluation of the performance of robust
matched-field processing methods for a canonical shallow-water environment. In
assessing the performance of robust methods there are two factors of major inter-
est: (1) the degree to which the performance of the nominal processor is degraded
relative to that of the robust processor, and (2) the degree to which the nominal
processor outperforms the robust processor when the nominal environment is actu-
ally present. Also, since one can rarely place an absolute maximum value on the
degree of environmental uncertainty, it is of interest to assess the behavior of the
robust processor when the degree of uncertainty differs from that assumed in the
robust design. This can provide useful information for deciding which robust pro-
cessor achieves the best trade-off of worst case performance versus behavior close to
the nominal processor. The nominal processor is the non-robust processor which is
based on a single set of environmental parameters which are thought to be closest
to the actual set of environmental parameters.

Two canonical shallow-water environments, one winter and one summer, are consid-
ered. The performance of the nominal and robust processors is evaluated in terms
of ‘peak-to-sidelobe’ ratio as a function of the degree of uncertainty about environ-
mental knowledge and as a function of the expected degree of uncertainty used in
the design of the robust processor. In Sect. 2 matched-field processing in terms of
the channel transfer function is discussed. In Sect. 3 robust processing is discussed
in terms of the matched-field processing problem. In Sect. 4 the performance of the
processors is evaluated for shallow-water environments as a function of uncertainty
about the water-column sound-speed, the channel depth and the sound speed in the
bottom. Sect. 5 provides a discussion of the results.

Throughout this report vectors are denoted by boldface lower case letters, matrices
are denoted by upper case letters and u* indicates conjugate transpose of the vector
u.
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2

Acoustic model-based processing

We assume throughout that we are working in a horizontally stratified acoustic
waveguide or channel which is characterized by a depth varying sound speed and
certain boundary conditions. A cylindrical coordinate system {r, p, z} is used with
the depth axis, the z-axis, passing through the receivers. The field is assumed to be
independent of azimuthal angle, p. Furthermore, we assume that the propagation of
acoustic signals through the channel can be described by the linear, inhomogeneous,
scalar wave equation. Since the wave equation for small-amplitude acoustic signals
is linear we can represent the channel as a linear time-invariant space-variant filter.
The channel impulse response function, hy, (B, 0;1), is a linear time-invariant space-
variant function of the receiver location v;, the source location 8 = (r,z), and
a vector of channel parameters @ which contains the environmental properties for
the specific acoustic channel. Since most numerical solutions of the wave equation
are developed under the assumption that the source is a point source radiating at
a single frequency we use the channel transfer function, Fourier transform of the
impulse response function. We define the channel transfer function over a set of
discrete frequencies, w = w, n = 1,..., N. The environmental parameters usually
consist of at least the sound speed vs depth in the water column, the thickness,
density, attenuation and sound speed vs depth for the sediment and bottom density,
attenuation and sound speed.

Since the receivers are located on the depth axis at the origin of the coordinate
system, let the subscript j denote the receiver depth coordinate and represent the
channel impulse response function by h;(8,T;t). Assume that there is a single
broadband source plus additive noise, the observations at the jth sensor are modeled
as

y;(t) = u(t) * hi (B, 0;t) + n;(t) (1)
fort=0,1,...,7~1and 1 < j < L, where: 3 is the vector indicating the location
of a broadband source, j is the index for vector v; which denotes the location of the
jth sensor, u(t) is a random process radiated by the source, h;(3, €; t) is the channel
impulse response function for the channel between the source at 3 and the sensor
at v;, @ is the vector containing knowledge about the environment, n;(t) is additive
noise at the jth sensor, and * denotes convolution.

The source process u(t) is a broadband zero-mean stationary Gaussian process,
uncorrelated with the additive noises with spectral density ¢, (w). While u(t) is not
strictly defined as a bandlimited process we assume that a majority of its power is in
a finite band of width B Hz. The additive noises {n;(t)} are broadband zero-mean
correlated stationary Gaussian processes with cross spectral density matrix Q(w).
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The sensor outputs are observed for a common time interval of T' seconds, which
is long compared to the random process correlation times, long compared to the
propagation time of the source process across the array and greater than the duration
of the channel impulse response. Since the observation interval is finite we represent
the observations using a finite Fourier transform representation. The normalized
Fourier coefficients {y;(w),w € B} are given by

T-1
yj(w) = (1/VT) Y y;(t) exp(—iwt). (2)
t=0

We assume that the impulse response function is such that

o0

> (+1thIr(B,8;8)| < o 3)

t=—00

then the Fourier transform representation for the impulse response or transfer func-
tion is given by

h(B,0;w)= > h(B,0;1)exp(—iwt). (4)

Define the channel transfer function vector h(3, 8;w,) to be a unit norm vector

(hl(.B, o;wn)a h?(ﬁa e;wn), ey hL(ﬂ7 01wn))T
!(hl(ﬁ, 0§wn), hQ(ﬁa e;w‘n)? boag hL(lav a’wn))| .

h(B,6;wn) = ()

Under the assumption that the observation interval T is long, compared to the
correlation lengths of the signal and noise processes, we make the usual assumption
that the Fourier coefficients are uncorrelated across frequency. Furthermore we
assume that the noise processes are spatially uncorrelated with the same spectrum,
let Q(wn) = @n(wn)L, then a derivation of the likelihood ratio detector, see Ref. (13],
yields the familiar ‘Bartlett’ likelihood ratio or matched filter processor, i.e.,

N
AB) =3 Fy(wa)b? (8, 5 0m)y (wn) (6)
n=1
where fu(w0n)/ ()
2 QPulWn n\Wn
en)l = Goian) + fniom) "

The broadband frequency weighting term, |y(wn)|?, of Eq. (7), was developed using
the likelihood ratio criteria. Other criteria have been used to develop broadband
frequency weighting schemes, alternative schemes include the Eckart filter where

2 _ ¢u(wn)
|'7(wn)| - ¢n(wn)2 (8)
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and the Wiener filter where

N ¢u(wn)
[y(wa)|” = )R (9)

Since the observations y(w) are random the detection statistic A(3) will be random.
In general it will be of interest to consider the mean of the detection statistic, thus
define the covariance matrix of the observation vectors to be R(w) = Efy(w)y*(w)].
The mean of the detection statistic is given by

N
E[A(B)] =) [7(wn)|*h* (8, 6;wn)R(wn)h(8, 6; wn). (10)

n=1

We see from Eq.(10) that the channel transfer function vector h(8, 8;w,) between
an assumed source position 3 and the sensor locations {v;}j =1,..., L provides the
detailed information about the acoustic channel which is integral to matched-field
processing. We remark that our ability to accurately predict the channel transfer
function, which in turn is strongly dependent on the accuracy of the environmental
knowledge, is a major factor affecting the performance of matched-field processors.
Equation (10) represents a formulation for a broadband ‘Bartlett’ matched-field
processor in terms of the channel transfer function.
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3

Robust matched-field processing

In the previous section a ‘Bartlett’ matched-field matched filter processor, which was
derived using a likelihood ratio formulation, was presented. The development of this
processor was carried out under the assumption that knowledge about the channel
parameter vector @ was exact. In most situations the environmental parameters
are not known exactly but the degree of uncertainty may be known. In this case a
desirable solution to the environmental uncertainty problem is the development of a
processor that is robust to the uncertainty. As seen by the likelihood ratio detector
formulation leading up to the matched filter processor of Eq. (10) the signal replica
term of the matched filter is given by vy(w)h(B, 0;w). Since it is assumed that the
source signal and noise spectra are known, i.e., y{w) is exactly known, only the
channel transfer function vector h will be modified to form the robust matched
filter.

The uncertainty about environmental parameters will produce an equivalent uncer-
tainty about the channel transfer function h(w), see Ref. [11]. In this situation, even
though h(w) is not known exactly, the information about the degree of uncertainty
about the environmental parameters can be used to predict a class of channel char-
acteristics, denote it by H, that contains h(w). In this case a matched filter must be
designed for the set H of possible channel characteristics. In general, no single filter
will be optimum for every member of the uncertainty class. It is desirable to design
a robust filter, i.e., one whose performance is as close as possible to the optimum
regardless of which member of the uncertainty set is present. A well-established ap-
proach for this robust filtering problem, developed in the communications systems
literature, is the minimax method [10], [12]. The minimax design goal is to optimize
the worst case performance over the uncertainty class H.

CHANNEL | FILTER
h (@) gl

u() —»

— (0 (1)

Figure 1 Uncertain linear channel h(w) and linear filter g(w).

The system under consideration is illustrated by Fig. 1. Let h(w) denote any one of
the elements of the channel vector h(w). The input process u(t) is transformed by
the imprecisely known channel, represented by h € H, the output of the channel is
transformed by the filter g € G, where G denotes the class of possible solutions for g.
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The robust design goal is, for h € H, determine the filter g € G which minimizes the
mean square error (MSE) between the input u(t) and the output 4(t). It is straight
forward to show that the MSE, e(h,g), between the system output and input is
given by

N
e(h,g) = D |1 = h(wn)g(wn) *du(wn)- (11)

n=1

A filter which guarantees an upper bound on the mean square error e(h, g) of Eq.
(11) over the class of channel characteristics H is desired. A filter with this property
can be considered a robust filter for the class H in the sense that a certain level of
performance can be guaranteed by using such a filter. It is desirable to have the
best such filter, that is, to find a minimax filter gy which satisfies

i [0 37) == h, . 12
allyy e e(h, g) = max e(h, gu) (12)
Thus, gm(wn) n = 1,..., N will be the transfer function of a minimax filter which

optimizes worst case performance for the class H of expected channel characteristics.

3.1. ROBUST TRANSFER FUNCTION METHODS

We assume that the channel transfer function modulus is a measurable function and
that it is bounded by the two known measurable functions hy,(wy) and hy(wy) such
that

0< hL(wn) < |h(wn)| < hU(wn) < oo. (13)

Let the phase characteristic of the channel, arg{h(w,)}, be a measurable function
denoted by 1p(wy,). Assume that, for each wy, there is a known closed subset Q(wy,)
of (—m, m] which contains the value of ¢p(wp). Thus [hAr(wn), hu(wy)] and Q(wy)
define the class H of allowable channel characteristics.

The minimax solution of Eq. (12), gm(wn), as derived in Ref. [12] and applied to
the matched-field problem in Ref. [13] yields a minimax channel transfer function,
Bminmax(wn ), defined in terms of its modulus and phase as

0, if cos[a(wn)

)] = ] > 0;
| Pminmax(wn )| = { — cos|a(wn)][hr(wn) + hu(wn)]/2, if cos[a(w,)] < (14)

0

and
arg{hminmax(wn)} = 'Ymid(wn)a (15)

where the angle a(wy), which is one-half of the complement of the phase uncertainty,
and the angle vy(wy), which is the midpoint of the set Q(wy,), are defined by Fig. 2.

Note, if the angular span of the subset defining the phase uncertainty Q(wy) is
greater than 7 it follows that 0 < a(wp) < /2 and cos[a(w,)] is nonnegative. In
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i.e., determine the filter A which minimizes the worst case performance

i M(h,q).
w e Mo

Thus a procedure for designing a robust solution kg is given by the solution of

T M(hr,q) = min max M(h, q).

It is reasonable to assume that the acoustic channel can be modeled as a linear time-
invariant space variant filter. Thus, the matched-field processor can be formulated in
terms of the time-invariant space-variant filter between all potential source locations
in the channel and all receiver locations, see Ref. [11]. As a result of formulating the
matched-field processor in terms of the channel filters it is straight forward to apply
minimax filtering methods, see Refs. [10] and [12]. A minimax robust matched-field
processing method which incorporates knowledge about the environmental param-
eter uncertainty into the processor design has been developed [13]. An alternative
approach, the ‘optimum uncertain field processor,’ is developed in Ref. [14]. The
optimum uncertain field processor allows for inclusion of knowledge about environ-
mental uncertainty by assigning a prior: probability distributions to the unknown
source locations and environmental parameters and then approximating the maxi-
mum a posteriori probability distribution of the source location, given the observed
data.

As discussed in many papers on plane wave and matched-field array processing there
are two primary processing methods employed: (1) the linear or ‘Bartlett’ processor
which does not adapt to the signal-plus-noise field and (2) the so-called ‘maximum
likelihood’ or more appropriately the ‘minimum variance’ processor which does adapt
to the signal-plus-noise field. In both Refs. [13] and [14] an environmentally tolerant
linear or non-adaptive processor is the resulting processor formulation.

Two papers which provide tolerant minimum variance matched-field processing
methods have appeared, see Refs. [15] and [16]. In Ref. [15] a multiple constraint
approach is used to provide tolerance to uncertain environmental knowledge. This
approach does not take into account a priori knowledge about the expected degree
of environmental uncertainty. In Ref. [16] multiple linear constraints, derived from
predicted pressure fields for a set of perturbed sound speed profiles, are used in
the minimum variance processor. This resulting minimum variance processor cou-
ples knowledge about the sound- speed uncertainty into the design of the processor
and simulation results indicate improvements in performance in deep water. The
minimum variance matched-field methods were not considered in this performance
evaluation because the performance of these methods is highly dependent on the
assumed spatial distribution of the signal-plus-noise field. It was decided that it
was more important to emphasize the robust processor performance as a function of
the degree of environmental uncertainty without the additional complication of an
assumed spatially dependent noise field.
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Figure 2 Uncertainty set Q(w) and the angles a(w) and
Yenid (w)-

this case the amplitude characteristic of the minimax robust solution is zero, see
Eq. (14). When the span of Q(wy) is less than 7 the amplitude characteristic is
the midpoint of the amplitude interval times the scale factor cos[a(wn)]. When the
phase uncertainty is small, a(wy,) approximates =, the scale factor has little or no
effect and in this case the amplitude characteristic is essentially [hr.(wn)+hu(wn)]/2.
Thus, when the phase and amplitude uncertainty are small the channel characteristic
is essentially that of a nominal (exactly known) channel.

It was shown in Ref. [11] that relatively small perturbations of an environmental
parameter can cause relatively large variations of the phase of the channel trans-
fer function. That is, at some frequency w, for some sensor and source location,
the difference between a nominal transfer function phase and a perturbed transfer
function phase may be a significant portion of one phase cycle or the uncertainty
set Q(w,) may be greater than 7. As seen above, in this case, the minimax robust
processor sets the amplitude characteristic of the minimax robust filter to zero. For
the matched-field processing application, in some situations, this solution may too
severe. In view of this situation an ‘ad hoc’ processor, based on the above minimax
robust processor, was defined in Ref. [13] and referred to as the midpoint processor
Pmidpt (wn). This robust processor eliminates the amplitude scale factor cos[a(wn)]
and is defined as follows:

Ihmidpt(wn)l = [hp(wn) + hu(wn)]/2 (16)

and
arg{hmidpt (wn)} = 'Ymid(wn)- (17)

The mean robust method follows when one assumes that the probability distribution
of the environmental parameters used in the optimum uncertain field processor of
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Ref. [14] is a uniform distribution with the same bounds as used in the minimax
solution. In our application the mean robust processor hpyean is computed as the
mean of the complex transfer functions evaluated at the bounds of the uncertainty
class H.

3.2. ROBUST MATCHED-FIELD MATCHED FILTERS

As discussed in Sect. 2 the matched-field matched filter processor based on perfect
environmental knowledge is given by Eq. (10) and repeated below, i.e.,

N
E[A(B)] = Z |7 (wn) 2h* (B, 0;wn)R(wn)h(B, 0;wy). (18)

n=1

The channel transfer function vector h(f3, 8;wy,), see Eq. (5), must be evaluated at
each sensor location v;; j = 1,2,..., L for all potential source locations, 3, on the
range/depth plane for one environmental parameter vector 8. The implementation of
the robust matched-field matched filters is accomplished by substituting the robust
transfer function vector, i.e., hyinmax, hiidpt, OF himean into Eq. (18) in place of h.

The calculation of the robust transfer function vectors for the robust matched-field
processors is as follows. Given that it is known that some environmental parameter
6 from the vector € is contained in some uncertainty set, call it @, then a design
neighborhood, a subset of @, is selected. Let the design neighborhood subset be
defined by 8, and 8y, then for all possible transfer ‘paths’ between each sensor and
each potential source location on the range/depth plane the transfer function is cal-
culated for both environments, i.e. for §, and 6. For all possible ‘paths’ the bounds
on the transfer function modulus, i.e. hr(w,) and hy(wp) of Eq. (13), the phase
subset §2(wp) and the midpoint angle ymig(wn) are calculated for each frequency
wn. From these bounds the minimax transfer function vector hyinmax(3, Ga, Ob; wr)
can be evaluated using the method as defined by Egs. (14) and (15). The midpoint
transfer function vectors, hyiqpt, can be evaluated similarly using Eqs. (16) and (17).
The robust transfer function vectors for the mean processor, hpean, are computed as
the sample mean of the complex transfer functions evaluated at the bounds defined
by the design neighborhood for all possible ‘paths’.

~-10 -
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4

Performance in shallow water

The objective of this section is to present, via simulation, an evaluation of the perfor-
mance of robust matched-field processing methods and to compare their performance
with that of the conventional or nominal matched-field processor. In assessing the
performance of robust methods there are two factors of major interest: (1) the de-
gree to which the performance of the nominal processor is degraded relative to that
of the robust processor in the presence of uncertainty, and (2) the degree to which
the nominal processor outperforms the robust processor when the nominal environ-
ment is actually present. In both cases the performance will also be a function of the
‘design neighborhood’ or subset of the uncertainty space that has been used for the
design of the robust processor. The nominal processor is the non-robust processor
based on a single set of environmental parameters thought to be closest to the actual
environmental parameters.

Two canonical shallow-water environments, one winter and one summer, are con-
sidered, see Fig. 3. The winter environment, Fig. 3a, is the same as that used in
Ref. [7], a slightly upward refracting sound speed profile, no sediment layer, medium
to hard bottom and no shear. Figure 3b illustrates the canonical summer environ-
ment, an isovelocity layer down to 20 m, a thermocline from 20 m to 40 m, below
40 m the profile is identical to the winter profile. A center frequency of 250 Hz is
used throughout the simulation, at this frequency the channel supports 14 modes.

(@) (b)

o' 1493 m/s ) om 1520 m/s
20m
40m
120 m 1495 m/s 120 m 1495 m/s
cp = 1600 m/s ¢p = 1600 m/s
p =1.8g/m3 p =1.8g/m3
o =0.15dB/A a =0.15dB/A

Figure 3 Canonical shallow-water environments, (a) Winter profile, (b) Summer profile.

Many papers addressing the performance of non-robust matched-field processing
have appeared, see for example Refs. [4-9] and references therein. In almost all cases
the measure of performance used to evaluate matched-field processing performance

-11 -
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is the sidelobe structure and its relation in amplitude to the source peak. In this
report the performance of the nominal and robust processors is evaluated in terms of
the ‘peak-to-sidelobe’ ratio as a function of the degree of uncertainty about environ-
mental knowledge and as a function of the subset defining the design neighborhood.
The ‘peak-to-sidelobe’ ratio is defined as the difference in dB between the power at
the source location to that of the highest sidelobe on the range/depth surface. The
peak-to-sidelobe ratio for the highest sidelobe is a good performance measure for
matched-field processing because if is there is not a reasonable difference in ampli-
tude between the source peak and the highest sidelobe then in the presence of noise
there will be a high probability that the sidelobe plus noise will be greater than the
source peak amplitude, resulting in an incorrect source localization.

The performance analysis was conducted via computer simulation, all acoustic model
calculations were performed using the SACLANT Centre Normal-mode Acoustic
Propagation (SNAP) model [17]. Unfortunately, it is not possible to evaluate the
performance of matched-field processing independent of system parameters. In the
conduct of these simulations, certain ‘system’ parameters were selected and kept
constant. The selection of these system parameters was somewhat arbitrary and, of
course, the performance results presented herein are a function of these parameters.
It must be kept in mind that if other system parameters are selected the performance
of the methods may vary. The range/depth plane consisted of 1-30 km in range and
2-100 m in depth. The resolution used was 1 km in range and 2 m in depth. The
frequency resolution used in the Fourier decomposition was 1.46 Hz across a band
from 240 to 260 Hz. The vertical array contained 32 sensors spaced at 3 m with
the top sensor at 10 m depth. The broadband signal used was an exponentially
damped sinusoid pulse with center frequency of 250 Hz and bandwidth greater than
the analysis band, there was no noise added to the signal.

As discussed in Sect. 3, three formulations of robust matched-field processors will
be considered; i.e., minimax, defined by Egs. (14) and (15), midpoint, defined by
Egs. (16) and (17), and the mean, which is formed as the sample mean of the
complex transfer functions. In all cases the robust processor is designed over a ‘design
neighborhood’, the notation used to define this neighborhood is minimax(a,b) where
a and b are the subset bounds defined in terms of deviations from the nominal value
of the environmental parameter.

-12 -
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Figure 4 Maiched-field ambiguity surfaces using winter profile for a source at 40 m
depth and 22 km range, (a) nominal environment with no uncertainty, (b) with —1 m/s
sound-speed uncertainty in the water column.

4.1. SOUND-SPEED UNCERTAINTY IN THE WATER COLUMN: WINTER
PROFILE

In this subsection we present the performance results obtained using the robust
and nominal matched-field processors in the presence of sound-speed uncertainty
for the canonical winter environment. The sound-speed uncertainty was generated
by perturbing the surface value from the nominal value of 1493 m/s to 1492 m/s
in steps of 0.2 m/s. This sound-speed perturbation affects both the surface value
and the slope of the profile and thus represents a significant degree of sound-speed
uncertainty.

Figure 4 illustrates a typical range/depth matched-field ambiguity surface computed
using the system parameters defined above for a source at a depth of 40 m and at a
range of 22 km using the winter profile. Figure 4a illustrates the case where there is
perfect knowledge about the environmental parameters, there are almost no sidelobes
within 5 dB of the peak value, only one sidelobe with a peak-to-sidelobe ratio of
about 4 dB. Figure 4b illustrates the uncertain environment case where the processor
used the nominal environment but the signal was generated using an environment
with the sound speed surface value perturbed by —1 m/s with respect to the nominal
value. It can be seen from Fig. 4b that the result of this uncertainty is serious.
The source peak is not at the correct location and the sidelobe level has increased

13-
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Figure 5 Peak-to-sidelobe ratio as a function of sound-speed
uncertainty in the water column for the ‘midpoint’ robust processor
using the winter profile. Results are shown for the midpoint
processor designed using five different uncertainty neighborhoods
and for the nominal processor for a source at 40 m depth and 22 km
range.

significantly, the highest sidelobe has a peak-to-sidelobe ratio of only 0.72 dB. Figure
4 provides an indication of the degree of performance degradation which may be
experienced in a shallow-water channel with a relatively small uncertainty about
the sound speed profile.

Figure 5 illustrates an overview of performance, peak-to-sidelobe ratio, for both the
nominal processor and the robust processor as a function of sound speed uncertainty.
It is seen that the peak-to-sidelobe ratio for the nominal processor decreases almost
monotonically from 4 dB to 0.7 dB as the uncertainty varies from 0 to —1 m/s. The
other curves illustrate the performance of the midpoint robust processor for various
design neighborhoods. All but one design neighborhood provides a significant im-
provement in peak-to-sidelobe ratio when there is uncertainty in sound speed greater
than about —0.15 m/s. The design neighborhood (0.0,~0.8) provides the greatest
improvement in performance. At the maximum uncertainty, —1 m/s, the midpoint
(0.0,—0.8) processor provides a 2.3 dB peak-to-sidelobe ratio whereas the nominal
processor provides only a 0.7 dB peak-to-sidelobe ratio. Over the entire range of
sound-speed uncertainty the midpoint (0.0,—0.8) processor provides a range/depth
ambiguity surface with the peak at the correct source location.

It is of interest to note the effect that the design neighborhood has on performance.
For any application the selection of the design neighborhood will be important and
will greatly affect overall performance. In general, it is desirable to select the design
neighborhood so that the performance of the robust processor is close to that of the
nominal processor when there is no uncertainty and is better than the nominal when

— 14—
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Figure 6 Matched-field ambiguity surface using winter profile for the midpoint robust
matched-field processor in the presence of a —1 m/s sound-speed uncertainty in the
water column, source at 40 m depth and 22 km range; robust design over uncertainty
neighborhood (0.0, —0.8).

there is uncertainty.

Figure 6 illustrates the range/depth surface when the robust minimax(0.0,—0.8) pro-
cessor is applied with the maximum uncertainty condition, i.e., —1 m/s perturbation
of the surface sound speed. Figure 6 illustrates the performance obtained using the
midpoint processor for a source is at a depth of 40 m and range of 22 km. Comparing
this figure with Fig. 4b it can be seen that the midpoint robust processor provides a
significant improvement. When the midpoint processor is used the source peak is lo-
cated at the correct source location and the sidelobes are significantly reduced. This
example clearly illustrates that robust matched-field methods can significantly im-
prove localization performance in a realistic shallow-water situation in the presence
of uncertainty about the sound speed profile.

Figure 7 provides an indication of the performance of the robust midpoint
(0.0,—0.8) processor as a function of source range. Figure 7a illustrates the peak-to-
sidelobe ratio for the nominal processor and the midpoint processor for a source at
40 m depth and 12 km range. At this relatively close range it is seen that the impact
of the sound-speed uncertainty is not serious and that the nominal processor per-
forms better than the midpoint processor over the range of sound-speed uncertainty.
Figure 7b illustrates the same situation for a source at 40 m depth and 16 km range.
In this case the robust midpoint processor outperforms the nominal processor for
all sound-speed uncertainties greater than about —0.2 m/s. Similarly, Figures 7c,d
illustrate the situation for a source at 40 m depth and ranges of 20 km and 24 km
respectively. At these ranges the robust processor maintains a significantly larger
peak-to-sidelobe ratio over most of the sound-speed uncertainty.

Figure 8 provides a comparison of the peak-to-sidelobe ratio for the three robust

methods using the winter profile with sound-speed uncertainty. The peak-to-sidelobe
ratio for the nominal processor is also illustrated for comparison. The design neigh-
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Figure 7 Peak-to-sidelobe ratio as a function of sound-speed uncertainty in the water

column for the ‘midpoint’ robust processor using the winter profile. Results are shown for
the midpoint processor designed over uncertainty neighborhood (0.0, —0.8) and the nominal
processor for a source at 40 m depth and range (a) 12 km, (b) 16 km, (c) 20 km, and (d)

24 km.

borhood is the same for all three processors, (0.0,—0.8). This figure illustrates the
performance for a source at a depth of 40 m and a range of 22 km. It is seen that
all three robust processors provide a significant improvement with respect to that of
the nominal processor. The performance of the minimax and midpoint processors
is almost identical, whereas the performance of the mean processor is somewhat
degraded with respect to the other two.
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Figure 8 Peak-to-sidelobe ratio as a function of sound-speed
uncertainty in the water column for the minimaz, midpoint
and mean robust processors using the winter profile. Results
are shown for the robust processors designed over uncertainty
neighborhood (0.0, —0.8) and the nominal processor for a source
at 40 m depth and 22 km range.

4.2. SOUND-SPEED UNCERTAINTY IN THE WATER COLUMN: SUMMER
PROFILE

In this subsection we present the performance obtained using the robust and nom-
inal matched-field processors in the presence of sound-speed uncertainty with the
canonical summer environment. For the summer case the sound-speed uncertainty
was generated by perturbing the isovelocity layer from the nominal value of 1520 m/s
to 1519 m/s in steps of 0.2 m/s. The remainder of the profile below the isovelocity
layer was left unperturbed. This uncertainty in sound speed is less severe than that
introduced into the winter profile but it is partially representative of the surface
warming/cooling effect expected in the summer.

Figures 9a,b illustrate the matched-field range/depth ambiguity surfaces for the
perfect knowledge case and for the —1 m/s uncertainty case, respectively, for a
source at a depth of 40 m and at a range of 22 km. Examining Fig. 9a it is seen
that the maximum sidelobes are on the order of 4 dB down from the source peak
and that the source peak is well defined and at the correct location. In comparison,
examining Fig. 9b the impact of the sound-speed uncertainty is easily observed. The
sidelobe structure has changed significantly, there are many sidelobes within 5 dB
of the peak and the highest sidelobe has a peak-to-sidelobe ratio of only 0.5 dB.

Figure 10 illustrates performance, peak-to-sidelobe ratio, for the robust midpoint
processor for various design neighborhoods and the nominal processor. Comparing
Figs. 10 and 5, it is seen in contrast to the winter profile case there is no one single

- 17 -
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Figure 9 Matched-field ambiguity surfaces using summer profile for a source at 40 m
depth and 22 km range, (a) nominal environment with no uncertainty, (b) with —1 m/s
sound-speed uncertainty in the water column.

design neighborhood that performs well over the full range of uncertainty. For
example, midpoint (0.0,—0.4) provides gains with respect to the nominal for small
uncertainty, i.e., —0.2 to —0.4 m/s. At large uncertainty, —1 m/s, the peak-to-
sidelobe ratio is almost the same as the nominal processor. The midpoint (0.0,—0.6)
processor appears to provide the most gain across the uncertainty range, although it
performs poorly for the perfect knowledge case. Over the entire range of sound-speed
uncertainty the midpoint (0.0,—0.6) processor provides a range/depth ambiguity
surface with the peak at the correct source location.

Figure 11 illustrates the range/depth surface for the midpoint (0.0,—0.6) processor
under the maximum uncertainty condition, —1 m /s perturbation of the surface sound
speed, for a source at a depth of 40 m and a range of 22 km. Comparing this figure
with Fig. 9b, it is noted that there are fewer sidelobes and that the amplitudes of
the sidelobes are reduced. The peak-to-sidelobe ratio has increased from 0.5 dB
to 1.38 dB, again demonstrating a performance gain for the robust processor with
respect to the nominal processor in an uncertain environment.

Figure 12 illustrates peak-to-sidelobe performance as a function of sound-speed un-

certainty for a source at a depth of 40 m and a range of 22 km. It is seen that
all three robust processors provide a significant improvement with respect to the
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Figure 11  Matched-field ambiguity surface using summer profile for the midpoint
robust matched-field processor in the presence of a —1 m/s sound-speed uncertainty in

the water column, source at 40 m depth and 22 km range; robust design over uncertainty
neighborhood (0.0, —0.6).
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Figure 12 Peak-to-sidelobe ratio as a function of sound-speed

uncertainty in the water column for the minimaz, midpoint and mean
robust processors using the summer profile. Results are shown for the
robust processors designed over uncertainty neighborhood (0.0, —0.6)
and for the nominal processor for a source at 40 m depth and 22 km

range.

nominal processor and that the performance of the minimax, midpoint and mean
processors is similar.

4.3. CHANNEL DEPTH UNCERTAINTY: WINTER PROFILE

In this subsection we examine the performance results obtained in the presence
of channel depth uncertainty for the canonical winter profile. The nominal channel
depth was 120 m, the uncertainty was generated by perturbing the depth from 120 m
to 121 m in steps of 0.2 m. It was shown in Ref. [11] that a depth uncertainty of
1 m may seriously degrade the performance of matched-field processors.

Figures 13 a,b illustrate the matched-field range/depth ambiguity surfaces for the
perfect knowledge case and for the +1 m depth uncertainty case, respectively, for a
source at a depth of 40 m and at a range of 12 km. It is seen from Fig. 13b that,
even at the relatively close range of 12 km, the 1 m perturbation of depth seriously
degrades the performance of the process. The largest peak on the surface is not at
the correct source location and there are many sidelobes within 1 dB of the largest
peak. The peak-to-sidelobe ratio is only 0.7 dB.

Figure 14 illustrates an overview of performance, peak-to-sidelobe ratio, for both
the nominal and robust processors as a function of channel depth uncertainty. It is
seen that the peak-to-sidelobe ratio for the nominal processor decreases rapidly from
4.2 dB to almost zero as the uncertainty varies from 0.0 to 0.6 m. The other curves
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Figure 13 Matched-field ambiguity surfaces using winter profile for a source at 40 m
depth and 12 km range, (a) nominal environment with no uncertainty, (b) with a 1 m
channel depth uncertainty.

illustrate the performance of the midpoint processor for various design neighbor-
hoods. Each of the designs provides a gain with respect to the nominal processor,
but there is no single design that yields improved performance across the entire
range of depth uncertainty. The design midpoint (0.4,0.8) provides a performance
improvement over a fairly large range of depth uncertainty. For small uncertainty,
less than 0.3 m, the nominal processor performs well, for uncertainty greater than
0.3 m the performance of the nominal processor degrades rapidly whereas the mid-
point (0.4,0.8) processor performs quite well, even for a 1 m depth uncertainty. Over
the range of depth uncertainty from 0 to 1 m the midpoint (0.4,0.8) processor pro-
vides a range/depth ambiguity surface with the peak at the correct source location
for all cases except for the certain case.

Figure 15 illustrates the range/depth surface for the midpoint (0.4,0.8) robust pro-
cessor for a source at 40 m and at 12 km under a 1 m depth uncertainty. Comparing
this surface with that of Fig. 13b it is seen that the performance is improved signifi-
cantly. With the midpoint (0.4,0.8) processor the largest peak in now at the correct
source location and the peak-to-sidelobe ratio has increased to almost 2 dB.

Figure 16 illustrates a comparison of the three robust methods and the nominal
processor for the winter profile with channel depth uncertainty. The source was

-921 —



Report no. changed (Mar 2006): SR-215-UU

SACLANTCEN SR-215

5 _
|
|
= 4 |
m
2
2
& a3 i Midpt. (0.4,0.8) |
: Pt
8 . \\,'P~(-.-)
2 pd
8
%
& \\':._‘_
1 <
Midpt. (0.0, 0.4)
0 - - Nominal

0.0 0.2 0.4 0.6 0.8 1.0
Channel Depth Uncertainty (m)

Figure 14  Peak-to-sidelobe ratio as a function of channel depth
uncertainty for the ‘midpoint’ robust processor using the winter
profile. Results are shown for the midpoint processor designed
using four different uncertainty neighborhoods and for the nominal
processor for a source at 40 m depth and 12 km range.

located at 40 m depth and at 12 km range. It is seen that all three robust processors
perform significantly better than the nominal processor for a depth uncertainty
greater than about 0.3 m. Peak-to-sidelobe ratios on the order of 2 to 3 dB are
observed over the entire range of uncertainty greater than 0.3 m. The performance
of the three robust processors minimax, midpoint, and mean is largely the same over
the range of uncertainty.
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Figure 15 Matched-field ambiguity surface using winter profile for the midpoint
robust matched-field processor in the presence of a 1 m channel depth uncertainty,
source at 40 m depth and 12 km range; robust design over uncertainty neighborhood

(0.4, 0.8).
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Figure 16 Peak-to-sidelobe ratio as a function of channel
depth uncertainty for the minimaz, midpoint and mean robust
processors using the winter profile. Results are shown for the
robust processors designed over uncertainty neighborhood (0.4,
0.8) and for the nominal processor for a source at 40 m depth and
12 km range.
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Figure 17 Peak-to-sidelobe ratio as a function of sound-speed
uncertainty in the bottom for the ‘midpoint’ robust processor using the
winter profile. Results are shown for the midpoint processor designed
using four different uncertainty neighborhoods and for the nominal
processor for a source at 40 m depth and 22 km range.

4.4. SOUND-SPEED UNCERTAINTY IN THE BOTTOM: WINTER PROFILE

Figure 17 illustrates an overview of performance, peak-to-sidelobe ratio, for both
the nominal and robust processors as a function of bottom sound-speed uncertainty.
It is seen that the peak-to-sidelobe ratio for the nominal processor decreases al-
most monotonically from 4 dB to almost zero as the uncertainty varies from 0.0 to
—20.0 m/s. The other curves illustrate the performance of the midpoint processor
for various design neighborhoods. Each of the designs provides a gain with respect
to the nominal processor for uncertainty greater than about —8.0 m/s. There is no
single design which yields improved performance across the entire range of depth
uncertainty. The design, midpoint (0.0,—16.0), provides a performance improvement
over a fairly large range of uncertainty. For small uncertainty, less than ~8.0 m/s,
the nominal processor performs well, for uncertainty greater than —8.0 m/s the per-
formance of the nominal processor degrades rapidly whereas the midpoint processors
perform quite well, even for a —20 m/s sound-speed uncertainty. With an uncer-
tainty of —20 m/s the nominal processor provides a peak-to-sidelobe ratio of only
0.1 dB, whereas the midpoint processor provides a ratio of about 1.5 dB. Over the
entire range of sound-speed uncertainty the midpoint (0.0,—16.0) processor provides
a range/depth ambiguity surface with the peak at the correct source location.

Figure 18 illustrates a comparison of the three robust methods and the nominal
processor for the winter profile with bottom sound-speed uncertainty. The source
was located at 40 m depth and at 22 km range. It is seen that all three robust
processors perform significantly better than the nominal processor for sound-speed
uncertainty greater than about —8.0 m/s. All three robust processors are based on
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Figure 18 Peak-to-sidelobe ratio as a function of sound-speed
uncertainty in the bottom for the minimazx, midpoint and mean
robust processors using the winter profile. Results are shown
for the robust processors designed over uncertainty neighborhood
(0.0, —16.0) and for the nominal processor for a source at 40 m
depth and 22 km range.

a design neighborhood of (0.0,—16.0). Peak-to-sidelobe ratios on the order of 1.5
to 3 dB are observed over the entire range of uncertainty. The performance of the
three robust processors minimax, midpoint, and mean is largely the same over the
range of uncertainty.
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Discussion

Robust methods for matched-field processing which take into account a priori knowl-
edge about environmental uncertainty have been developed, see Ref. [13]. In this
report the performance of these robust matched-field methods has been evaluated
and compared to that of the conventional non-robust method in terms of the peak-
to-sidelobe ratio as a function of environmental parameter uncertainty.

A variety of environmental uncertainty types were considered in the context of a
shallow water example. Uncertainty in the sound speed profile for both a winter and
summer profile, uncertainty in the channel depth for a winter profile and uncertainty
in the speed of sound in the bottom for a winter profile were all considered. In
addition the performance as a function of the source location in the water column
was also considered. In all of the cases the robust methods outperformed the nominal
processor when the environmental knowledge was uncertain. The performance of the
robust methods was shown, as expected, to depend on the specification of the design
neighborhood. Also, as expected, the nominal processor always performed better
than the robust processor when there was no uncertainty about the environmental
knowledge.

As with all matched-field processing problems it is impossible it provide performance
results over the entire space of system and environmental parameters. In this report
the system parameters were held fixed and the performance was evaluated over a
reasonably wide range of environmental parameters. The results presented herein
clearly indicate that the robust methods of Ref. [13] provide improved matched-field
processing performance when environmental knowledge is uncertain.

The assumption that the environment is range-independent was made for conve-
nience. Since the design of the robust processor, of Section 3, is based on simple
bounds for the environmental parameter uncertainty, the application of these robust
methods to a range-dependent environment should follow directly. Simulations in
a range-dependent environment with random environmental parameter uncertainty
should be carried out to verify that the performance gains for this case are similar
to that of the range-independent case.

It should be noted that the implementation of these robust methods is quite straight-
forward. It should also be noted that these methods do not require a significantly
larger computational load than that of conventional methods.
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In general these methods require about a factor of two increase in computation time
with respect to conventional non-robust methods.
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