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A method is provided for determining necessary conditions on sample size or signal to noise ratio
(SNR) to obtain accurate parameter estimates from remote sensing measurements in fluctuating
environments. These conditions are derived by expanding the bias and covariance of maximum
likelihood estimates (MLEs) in inverse orders of sample size or SNR, where the first-order
covariance term is the Cramer-Rao lower bound (CRLB). Necessary sample sizes or SNRs are
determined by requiring that (i) the first-order bias and the second-order covariance are much
smaller than the true parameter value and the CRLB, respectively, and (ii) the CRLB falls within
desired error thresholds. An analytical expression is provided for the second-order covariance of
MLEs obtained from general complex Gaussian data vectors, which can be used in many practical
problems since (i) data distributions can often be assumed to be Gaussian by virtue of the central
limit theorem, and (ii) it allows for both the mean and variance of the measurement to be functions
of the estimation parameters. Here, conditions are derived to obtain accurate source localization
estimates in a fluctuating ocean waveguide containing random internal waves, and the consequences
of the loss of coherence on their accuracy are quantified.
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I. INTRODUCTION

In remote sensing applications, parameter estimation of-
ten requires the nonlinear inversion of measured data that are
randomized by additive signal-independent ambient noise, as
well as signal-dependent noise arising from fluctuations in
the propagation medium. Parameter estimates obtained from
such nonlinear inversions are typically biased and do not
attain desired experimental error thresholds. For this reason,
necessary conditions have been developed on sample size or
signal to noise ratio (SNR) to obtain accurate estimates and
aid experimental design.1

These conditions are derived by first expanding the bias
and covariance of maximum likelihood estimates (MLESs) in
inverse order of sample size or SNR, where the first-order
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covariance term is the minimum variance, the Cramer-Rao
lower bound (CRLB), which is also the minimum mean
square error (MSE) of any unbiased estimate regardless of
the method of estimation. It is then required that (i) the first-
order bias term and the second-order covariance term be-
come much smaller than the true value of the parameter and
the CRLB, respectively, and (ii) the CRLB falls within de-
sired error thresholds.

Here, we provide an analytical expression for the
second-order covariance term of MLEs obtained from gen-
eral complex Gaussian data vectors, which can then be used
in many practical problems since (i) data distributions can
often be assumed to be Gaussian by virtue of the central limit
theorem, and (ii) it allows for both the mean and the variance
of the measurement to be functions of the estimation param-
eters, as is the case in the presence of signal-dependent noise.
For example, the expression can be used to aid the design of
many experiments in a variety of fields where nonlinear in-
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versions are typically performed and data are often corrupted
by signal-dependent noise, such as ocean acoustics, geophys-
ics, statistical signal processing and optics.z_4

We then consider the problem of source localization in a
fluctuating ocean waveguide containing random internal
waves and calculate the minimum array-gain-augmented sig-
nal to additive noise ratio (SANR) necessary for accurate
localization. The fluctuating ocean waveguide is modeled us-
ing analytical expressions for the mean, spatial covariance,
and mutual intensity3 or the second spatial moment of the
acoustic field forward propagated through random 3-D inter-
nal waves in a stratified ocean waveguide for a continuous
wave (CW) narrowband signal.5 This model provides an ana-
Iytical treatment of the loss of inter-modal coherence in the
forward propagating field due to scattering by internal
waves. While the ensuing degradation in localization perfor-
mance may be expected,6’7 the exact effect of internal waves
is here quantified for the first time by computing the
asymptotic biases and variances of source localization esti-
mates. The results presented here can be used to quantify the
effects of environmental uncertainties on passive source lo-
calization techniques, such as matched-field processing
(MFP) and focalization,® both of which typically utilize line
arrays and CW signals.

Incomplete or imprecise knowledge of environmental
parameters and randomness in the propagation environment
are known to seriously deteriorate the performance of MFP,
which has been investigated extensively in the past.g_18 MFP
has been demonstrated in a number of theoretical and experi-
mental scenarios involving fluctuating or unknown
environments,"*'”"'® but with significant localization ambi-
guities due to multimodal propagation and environmental
mismatch. For example, in Ref. 18 it was shown that given
10 log;y SNR of more than 20 dB, peaks in the MFP ambi-
guity surface occurred at the true source range, but signifi-
cant sidelobes were also observed at other ranges. All past
experimental demonstrations of MFP have used SNRs that
have exceeded the minimum levels necessary for accurate
localization derived here.

Previously, the performance of passive source localiza-
tion techniques was investigated by deriving CRLBs in a
non-fluctuating Waveguide.6 Later it was shown that these
were single-sample bounds," multiple sample bounds were
derived,"”?” and it was shown that stationary averaging could
reduce the bounds to zero." Asymptotic statistics were then
used to derive necessary conditions on sample size for errors
to attain the CRLB and these were applied to source local-
ization in a non-fluctuating waveguide.21 Our approach is
based on classical estimation theory,l is independent of the
estimation technique and has already been applied in a vari-
ety of other problems, including time-delay and Doppler
shift estimation,’ pattern recognition in 2-D irnages,22 geoa-
coustic parameter inversion,” and planetary terrain surface
slope estimation.?* In all previous applications except the
last, however, the measurement was modeled as either (i) a
deterministic signal vector, or (ii) a fully randomized signal
vector with zero mean, both embedded in additive white
noise. These are special cases of the scenario considered here
where both the mean and the variance of the measurement
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are parameter-dependent, which is necessary to properly
model acoustic propagation through a fluctuating waveguide
that leads to a signal-dependent noise component. The meth-
odology presented here can then be used in any experimental
design to ensure that statistical biases and errors meet neces-
sary error thresholds.

In Sec. II, we first review the first-order bias and first-
order covariance of MLEs given general multivariate Gauss-
ian data. We then provide a new analytic expression for the
second-order covariance. In Sec. III, we calculate the MLE
statistics and determine necessary conditions on sample size
or SNR to obtain estimates that meet any design error thresh-
old in a deterministic and a random waveguide.

Il. GENERAL ASYMPTOTIC EXPANSIONS FOR THE
BIAS AND COVARIANCE OF THE MLE

In this section, we first review the asymptotic expan-
sions for the bias and covariance of the MLE. We also sum-
marize the conditions necessary for an MLE to become as-
ymptotically unbiased and have a variance that attains the
CRLB. We then provide a new expression for the second-
order covariance of the MLE given general multivariate
Gaussian random data and describe how these measurements
are obtained.

A. Asymptotic statistics of the MLE

Following the theory and notation adopted in Ref. 1,
assume an experimental measurement that consists of a set of
n independent and identically distributed N-dimensional real-
valued random data vectors X; obeying the conditional prob-
ability density p(X; @), where X=[X{,...,X] and @ is an
m-dimensional parameter vector. The MLE 0 of 0 is the
maximum of the log-likelihood function I(6)=In(p(X; 6))
with respect to 0.27?" The first-order parameter derivative of
the log-likelihood function is defined as [,=3l(0)/ 96", where
¢ is the rth component of . The elements of the expected
information matrix, also known as the Fisher information
matrix, are given by i,,=(l,l,), and the elements of its inverse
by i"=[i"'],,, where i"! is the CRLB,*** and (...) signifies
expected value. Moments of the log-likelihood derivatives
are defined by vg=(lg), and joint moments by vg g, &,
=(Ig,lg,---Ig,)» Where R; is an arbitrary set of indices.%’zl

The moments of & for r=1 ,...,m can then be expressed
as a series of inverse powers of the sample size n,? pro-
vided that the required derivatives of the likelihood function
exist.” The MLE bias is then given by23’24

bias(¢,n) = b,(6";0,n) + by(&'; 0,n)
+ Higher Order terms, (1)
where bj(é’;b’,n)=bj(f9’;0,l)/nf, so that

. b(6:0,1) by(0:0,1
bias(#',n) = 1 )+ 2 3 )
n n

+0(n3), (2)

where O(n‘3) represents integer powers n3

Similarly, the MLE variance can be written as

and higher.
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var(&,n) = +0(n™), (3)

varl(a’;dl) varz(é’;&l)
+ 2

where the first term on the right hand side of Eq. (3) is the
CRLB, which is the asymptotic value of the variance when
sample size n and SNR become large and also the minimum
possible mean square error (MSE) of an unbiased estimate.

The value of n necessary for the MLE to become asymp-
totically unbiased is found by requiring the first-order bias to
be much smaller than the true value of the parameter

b(6:0,1)
A

n> . (4)

Similarly, the value of n necessary for the MLE variance to
asymptotically attain the CRLB is found by requiring the
second-order variance to be much smaller than the first-
order, so that

&;0,1
N> |var2( )|

ALY} (5)
var,(6;6,1)

Only for values of n satisfying these conditions is it possible
for the estimate to be in the asymptotic regime where it is
unbiased and it continuously attains the CRLB,I’ZI’23 so that
it has the minimum possible mean square error. Following
established convention,ﬂ’23 we determine the sample sizes
necessary to obtain an unbiased, minimum variance MLE by
requiring the first-order bias and the second-order variance to
be an order of magnitude smaller than the true value of the
parameter and the first-order variance, respectively,

by(€:6,1
n, =10 % ) (6a)
3’;0,1
ny = 101222701l (6b)

varl(ér;ﬂl) .

For the rest of this paper, conditions on sample size or SNR
for parameter estimates to attain specified design error
thresholds are calculated by requiring that (i) n meets the
conditions in Eq. (6), and (ii) the CRLB is smaller than the
desired error threshold. The sample size necessary to obtain
accurate parameter estimates is then given by (max[n,,n,])
X n', where

, _ CRLB(max[n,,n,])
"= (design threshold)?’

()

bl(é’;O,n), varl(ér;0,n) and
var,(#"; 0,n) have been derived in terms of tensors in the
form of UR, Ry Ry corresponding to moments of the log-

. 2 1.30 -
likelihood derivatives, ™ as summarized below

Expressions  for

by(830,n) = 3" (0 e + 200 c) (8)
varl(@}’; O.n)=i", 9)

varz(é”;&n)

=—i"+ i’mi””[i”"(Zz}mq!m,p + Upimpg + 3Vmg.pm

.7 +qt
+ 2Ummp,q + Umpq,m) + iP5 (Umptvm,q,z + UmpmU gzt

5
+ 3UmpgUmzt + 2U0m g Vmip + 2Ummil gz p + OV, 20

qz.p mpq

+ VitV pgz + 2Vmg 20 ptm + 2VmgmUpr.z + Umq,pvmz,z)]'
(10)
Here, as elsewhere, the Einstein summation convention is
used, where summation over indices appearing both as su-

perscript and subscript is implied. These expressions are
evaluated for the case of multivariate Gaussian data next.

B. General multivariate Gaussian data

The general bias and variance expressions of Egs.
(8)—(10) are now applied to the specific case of data that
obey the conditional Gaussian probability density28

1

PO Gy lco)™
1 n
Xexpy = 52 (X; - m(6)'C(O(X,
j=1
-p0) (. (11)

where C is the real-valued covariance matrix, and u is the
real-valued mean of the real random data. Similarly to the
work of Ref. 21, in the present study of underwater localiza-
tion, X; represents the real and imaginary parts of the
narrow-band acoustic data collected across an array of N/2
sensors around the given harmonic-source frequency, and the
parameter set @ represents the range and depth of the acous-
tic source.

The first-order bias has already been provided in Eq. (7)
of Ref. 1 and is repeated below

bl(ér’ 0,]’1) == %imibc(”bcc_lﬂa - ﬂb(c_l)aﬂc
+1r(C,6). (12)

Typically, as discussed in the Introduction, both the data
mean and covariance in Eq. (11) are functions of the desired
parameter set 6. This necessitates evaluation of the joint mo-
ments in Eq. (10) as shown in Ref. 30 and summarized in
Appendix B. The second-order covariance of the MLE given
multivariate Gaussian random data is given by30

varZ(ér;aJl) =-i"+ irmirmiab[l”’mac_l”‘mb - M“mmC_lﬂab - ”’mabc_lﬂm + tr(éméméaéb) + z‘r((v:vaanm(v:b)

+ tr(éahémém) - tr(émacvméh) - tr(émacvbcvm) + %tr(émaémb) - %tr(émmcvah) - %tr(émahcvm)
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+ 4M‘ma(c_l)m”’b + zﬂma(c_l)bﬂm - ”’ab(c_l)m”’m + I'l’a(c_l)mm”b + ”‘m(c_l)a(c_l)b”’m

+ zﬂm(c_l)a(c_l)mﬂh + I’La(c_l)m(c_l)mll‘h]

+ l-rmirml-ab icd{

PondC 1 L= 1,0C7 = 291, (€7 pt,, — 4p1(C7Y) oty = 17(C,i0Cy) + 11(CC)

+ 1r(C,,C,C,) + 1r(C,,C,C))] + MucC_lﬂm[%Mde_lﬂm + 2p,,C g + %W(vadém) + 1r(C,,Cy)
(G, CoC) ] + 1€, CCOL (€ pbta + (€ gty + 3 €ty + 2= 11(C, C,C)

— 1, CCp) + 11(CgCy) + 11 C) = 11(CCo)] + 11(Cu € = 31(CiCy) = (€t

2 C bt = 2B (C) o (€t + 11(C oG [31(C,C ) + 11r(CoaC) ] + (€]
€Vt = 205 C) ] + [ a7ty = 1€ty + 31(CoiC) J[241(C,,iC) + 11r(C G

- tr(éméméb) + ”’mmc_lﬂb + ”‘mbc_lﬂm + ”m(c_l)mﬂb]}9 (13)

where subscripts indicate derivatives with respect to the
specified indices, tr(C) stands for the trace of C, and the

auxiliary term Cy is defined in Eq. (B1c) for an arbitrary set
of indices R. As shown in Appendix B, the above expression
can be used even if the random data are not distributed in a
Gaussian form, provided that they can be expressed as func-
tions of Gaussian random variables with a Jacobian of the
transformation that is independent of the parameter set 0.°
Eq. (13) can be used to calculate the second-order MLE co-
variance in applications where both the data mean and cova-
riance are functions of the estimated parameters.

C. Mean and variance of the measured field

We consider a vertical receiving array employed to lo-
calize a harmonic source in a fluctuating ocean waveguide.
The mean and covariance of the measured field can then be
obtained from the analytical expressions provided in Ref. 5
and summarized in Appendix A. Equation (A1) defines the
gth element of the vector g for ¢g=1,2,3,...,N/2, where
N/2 is the number of hydrophones in the receiving array.
Similarly, Eq. (A4) defines the (¢,p) element of the covari-

ance matrix C for q,p=1,2,3,...,N/2. In the above, we

have defined the complex mean f and covariance C that are
related to the real mean p and covariance C of Eq. (11) by
the following expressions:28

_ [Re(ﬁ) }
=l |

where T is the identity matrix and o2, is defined as the in-
stantaneous variance of the additive noise on each hydro-
phone. The expressions above are valid under the assumption
that the complex Fourier transform of the data measured at
each hydrophone follow a circularly complex Gaussian ran-
dom process3’31 when the mean is subtracted. Evaluation of
Egs. (8)-(10) requires knowledge of the higher-order deriva-

11&@)—m@)

= — — + Oinl ’
2| 1m(C) Re(C)

(14)
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tives of m and C with respect to parameters p and z,, which
are provided in Appendix A.

The SNR and signal to additive noise ratio (SANR) for a
single sample collected across the array are then defined as

S W 1)

g=1
S [Var(Wy(x Jrg) + 2]
_ (P
1r(C) + No2, /2

SNR[1]=

(15)

S LW (r e + Var(W(x,Jro)]
Na?2,/2

SANR[1] =

zmmm+m®

: 16
Na?,/2 (16)

where r, is the position of the gth hydrophone on the re-
ceiver array, and r, is the position of the source. Since the
total received intensity is given by the numerator of Eq. (16),
we adopt the convention’' of setting the SANR[1] of the
field across the array to unity for a source located at r
=1 km range and any depth z, to maintain consistency be-
tween the different waveguides examined in the next section.
The definition provided in Eq. (16) does not account for
potential improvements due to array gain. For a uniform ar-
ray of N/2 elements, the SANR[1] can be array-gain-
augmented by (N/2) for the ideal case of a plane wave signal
embedded in spatially uncorrelated white noise.” For a deter-
ministic signal embedded in additive white noise, the cova-
riance matrix C reduces to o7, I so that SNR and SANR are
equal and proportional to sample size,!

SANR

The sample size conditions in Egs. (6) and (7) can then also
be written in terms of SANR and SANR[1]. For general

multivariate Gaussian data, this simple proportionality is
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3D Random Internal Wave Field in an Ocean Waveguide

e dy o 1/4

Source Receiver

(~p0.0.20) array
qth element
(0,0,2)

o dy vy

Sediment Halfspace ¢g dg aq

FIG. 1. Geometry of an ocean waveguide environment with two-layer water
column of total depth H=100 m, and upper layer depth of D=30 m. The
density and sound speed in the upper layer are d,=1024 kg/m? and c,
=1520 m/s, respectively. The density and sound speed in the lower layer
are d,=1025 kg/m? and ¢,=1500 m/s, respectively. The bottom sediment
half-space is composed of sand with density d,=1.9 g/cm® and sound
speed ¢,=1900 m/s. The attenuations in the water column and bottom are
ay=a,=6X% 107 dB/\ and a;,=0.8 dB/\, respectively. The internal wave
disturbances have coherence length scales /, =100 m and /,=100 m in the x
and y directions, respectively, and are measured with positive height 4 mea-
sured downward from the interface between the upper and lower water
layers. The internal wave disturbances, when present, are assumed to have a
height standard deviation of 7,=4 m. In the case of a deterministic wave-
guide with no internal waves, 7=0 m.

only approximately valid when the signal-dependent noise
contribution to the covariance is weak.

lil. ILLUSTRATIVE EXAMPLES

Here we demonstrate how the methodology presented in
Sec. IT A and the expression for the MLE second-order co-
variance in Eq. (13) can be used to specify conditions on
sample size or SNR to obtain accurate source localization
estimates in a fluctuating ocean waveguide. The effects of
the loss of coherence in the forward propagating field are
quantified by (i) calculating these sample sizes and SNRs, as
well as the asymptotic biases and variances of source local-
ization MLESs, and (ii) comparing them to those for a static
waveguide. In the latter, the measured acoustic field is fully
coherent, and the source localization problem reduces to that
of parameter estimation given a deterministic signal embed-
ded in white additive Gaussian noise. Such a problem was
treated for a different waveguide, source frequency and re-
ceiving array in Ref. 21, and results are presented here for
comparison with the fluctuating waveguide case considered.
In the fluctuating waveguide, both the mean and the variance
of the measurement are parameter dependent so that Eq. (13)
must be used to correctly calculate the asymptotic MLE vari-
ance. The internal wave height standard deviation is chosen
to be greater than the acoustic wavelength so that the wave-
guide becomes highly randomized within a few kilometers of
the source,5 and the effects of environmental uncertainty on
source localization can be distinguished.

The simple two-layer waveguide used in Ref. 5 is again
employed here to model internal waves in a shallow-water
continental shelf environment. Figure 1 shows the selected

J. Acoust. Soc. Am., Vol. 128, No. 5, November 2010

sound speed profile, bottom composition and internal wave
characteristics. The origin of the coordinate system is placed
at the sea surface. The z axis points downward and normal to
the interface between horizontal strata. The water depth is H
and the boundary separating the upper and lower medium is
at depth z=D. Let coordinates of the source be defined by
ro=(-po,0,7), and receiver coordinates by r=(0,0,z). Spa-
tial cylindrical (p,¢,z) and spherical systems (r, 0, ¢) are
defined by x=r sin 6 cos ¢, y=r sin 6 sin ¢, z=r cos 6, and
p=\x>+y?. The horizontal and vertical wave number com-
ponents for the nth mode are, respectively, &,=k sin «, and
v,=k cos «,, where «, is the elevation angle of the mode
measured from the z axis. Here, 0=, =< 7/2 so that down-
and up-going plane wave components of each mode will then
have elevation angles «, and 7— ¢, respectively. The azi-
muth angle of the modal plane wave is denoted by S, where
0= B=2m. The geometry of spatial and wave number coor-
dinates is shown in Ref. 32.

For single frequency simulations, we employ a 415 Hz
monopole source and a 10-element vertical array in a 100 m
deep waveguide. The water column is comprised of a warm
upper layer with density d;=1024 kg/m? and sound speed
¢1=1520 m/s overlying a cool lower layer with density d,
=1025 kg/m? and sound speed c,=1500 m/s. The bound-
ary between the layers is at a depth of D=30 m, and the
attenuation in both layers is a=6X 107 dB/\. The spacing
of the array elements is 1.5 m (A\/2=~1.8 m) with the shal-
lowest element at 43.5 m, so that the array is centered in the
water column. The ocean bottom is a fluid half space with a
sound speed of c,=1700 m/s, a density of d,=1.9 kg/m?,
and an attenuation of a;,=0.8 dB/wavelength, which are
representative values for sandy environments.

Note that the results presented in this paper are not rep-
resentative of the performance of the waveguide
invariant®>** or the array invariant,35 since the former uses
acoustic intensity data versus range and frequency and the
latter employs beam-time or coherent hydrophone data over
time. Here, we instead consider instantaneous measurements
of the acoustic field due to a CW source made with a vertical
line array. The results presented here can also be used for
broadband signals when matched-field processing is per-
formed separately for each frequency component and the
computed ambiguity surfaces are then combined incoher-
ently. This is commonly known as incoherent processing,l&36
even though each separate frequency bin is still processed
coherently before the correlation values of the data and rep-
lica fields are averaged. For a broadband signal that consists
of M, frequency bins, incoherent averaging means that the
effective sample size equals n X M, so that conditions on the
necessary sample sizes can be found by scaling the right
hand sides of Eqgs. (6a), (6b), and (7) by 1/M.

A. Undisturbed waveguide

For the undisturbed static waveguide, coherent interfer-
ence between the waveguide modes leads to a range- and
depth-dependent structure in the total acoustic field intensity
which maintains a modal coherence pattern over very long
ranges with the SANR range-depth pattern of Fig. 2. The
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FIG. 2. Signal to additive noise ratio (SANR) at 415 Hz in an undisturbed
waveguide with no internal waves. The SANR received at the 10-element
vertical array described in Sec. III is plotted as a function of source range p,
and depth z,. The observed range-depth pattern is due to the underlying
modal coherence structure of the total acoustic field intensity. The receiver
array is centered at p=0 m and z=50 m. The source level is fixed as a
constant over range so that 10 log;, SANR[1] is 0 dB at 1 km source range
at all source depths. For the undisturbed waveguide, SANR is equivalent to
signal to noise ratio (SNR).

SANR[1] is computed using Eq. (16) and plotted as a func-
tion of source-receiver range and source depth for the shal-
low water waveguide of Fig. 1 when there are no internal
waves present. The source level is fixed as a constant over
range so that 10 log;, SANR[1] is 0 dB across the array for
a source-receiver range of 1 km. For the static waveguide,
the covariance of the acoustic field measurement in Eq. (14)
reduces to C=afml so that SNR[1] and SANR[1] in Egs. (15)
and (16) are equivalent. For the array of 10 elements consid-
ered here, the array-gain-augmented SANR[1] is higher than
the SANR[1] shown in Fig. 2 by a factor of 10.

The first-order bias, first-order covariance (CRLB) and
second-order covariance of the MLEs for source range and
depth are plotted in Fig. 3, given a source fixed at 50 m depth
and a sample size of n=1. The asymptotic bias and the
square root of the CRLB for a range estimate are very small,
typically less than 10 m even at ranges beyond 30-40 km,
while the corresponding quantities for a depth estimate [Fig.
3(b)] reach values comparable to the waveguide depth of 100
m. This suggests that it may be possible to obtain unbiased
range MLEs from a single sample, whereas depth MLEs will
have significant biases, given the SANR[1] in Fig. 2. The
second-order covariance exceeds the CRLB for both the
range and depth MLE even at a few kilometers from the
source, so that the variance of MLEs obtained from a single
sample will not in general attain the CRLB. The CRLB and
the second-order covariance approximately coincide where
10 log;o SANR[1] is about —5 dB, which is where the array-
gain-augmented 10 log;, SANR[1] equals 5 dB. Increasing
the array gain could help obtain single-sample MLEs that
attain the CRLB at longer ranges from the source.

The results shown here are consistent with those of Figs.
2 and 4 of Ref. 21 for a deterministic source signal in a static
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FIG. 3. Ocean acoustic localization MLE behavior given a single sample for
(a) range estimation and (b) depth estimation for a 415 Hz source placed at
50 m depth in an undisturbed waveguide with no internal waves. The MLE
first-order bias magnitude (solid line), square root of the CRLB (circle
marks) and square root of the second-order variance (cross marks), as well
as the measured signal to additive noise ratio (SANR, dashed line) are
plotted as functions of source range. Given the necessary sample size con-
ditions in Eq. (6), whenever the first-order bias and the second-order vari-
ance attain roughly 10% of the true parameter value and the CRLB, respec-
tively, more than a single sample will be needed to obtain unbiased,
minimum variance MLEs. The source level is fixed as a constant over range
so that 10 log;, SANR[1] is 0 dB at 1 km source range.

waveguide, as expected. Since the bias and variance terms in
the asymptotic expansions of the MLE moments, e.g. Equa-
tion (3), always depend on inverse order of sample size n, the
asymptotic statistics of the MLE for any arbitrary n can be
obtained by shifting the curves in Fig. 3 according to the
order of the term involved and the value of n desired for a
given SANR[1]. For the static waveguide, the data covari-
ance C is parameter independent, in which case the MLE
bias and covariance can also be expanded in inverse orders
of SNR.*® The necessary sample sizes given throughout this
section can then also be interpreted in terms of necessary
SNR or SANR. Increasing SANR by a factor of 10 in Fig. 3,
for example, would reduce the first-order bias and the CRLB
by one order of magnitude, and the second-order covariance
by two orders of magnitude, as seen by replacing n in Egs.
(2) and (3) with SANR/SANR[1] [Eq. (17)]. Minimum vari-
ance range MLEs could then be obtained from a single
sample up to the maximum range for which the second-order
covariance and the CRLB are equal in Fig. 3, i.e., 8 km,
given such a factor of 10 increase in SANR.

Figure 4 shows the sample size n necessary to obtain an
unbiased source range MLE whose mean square error (MSE)
attains the CRLB and has yCRLB =100 m. It also shows
that for fixed SANR, n fluctuates as a function of source
range due to the modal interference structure of the static
waveguide. If the received 10 log;, SANR is fixed at 0 dB
for all ranges between 1 and 50 km, then to obtain a source
range estimate of 100 m accuracy for 95% of the ranges
either (a) 20 samples are needed, or (b) given a single sample
a 10 log;o SANR of 13 dB [Eq. (17)] is necessary.

Figures 5(a) and 5(b) show the square root of the single-
sample CRLB for source range and depth estimation. The
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FIG. 4. Undisturbed waveguide. 10 log,, n, where n={max[n,,n,]Xn'} is
the sample size necessary to obtain an unbiased source range MLE whose
MSE attains the CRLB and has VCRLB =100 m, where ny, n,, n' are
calculated using Egs. (6) and (7), given a 415 Hz source at 50 m depth.
Source level is fixed as a constant over range so that 10 log;, SANR is 0 dB
at 1, 10, 20, and 30 km source range (black circles), respectively, for the
four curves shown.

sample sizes necessary to obtain unbiased source range and
depth estimates that asymptotically attain the CRLB are
given by the maximum of n,, n, in Eq. (6) and shown in
Figs. 5(c) and 5(d). They are found to be roughly inversely
proportional to SANR[1] and are typically much larger than
one, as expected from Fig. 3. We find that the necessary
sample size is at least an order of magnitude larger in the
upper waveguide layer where SANR[ 1] decreases more rap-
idly, as can be seen in Fig. 2. Given sufficient source level,
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FIG. 5. Undisturbed waveguide. 10 log;, of the square root of the CRLB for
(a) source range py, (b) source depth Z, MLEs given a single sample.
10 log,¢(max[n,,n,]), the sample sizes or SNRs necessary to obtain (c)
source range, (d) source depth MLEs that become unbiased and have MSEs
that attain the CRLB. Given any design error threshold, the sample size
necessary to obtain an accurate source range or depth MLE is then equal to
(max[ny,n,]) Xn', where n' =CRLB(max[n,,n,])/(design threshold)?. The
source level is fixed as a constant over range so that 10 log;, SANR[1] is 0
dB at 1 km source range at all source depths.
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however, accurate range MLEs may be obtained from a
single sample at any desired source-receiver separation. For
example, increasing source level so that 10 log;, SANR at 1
km range is 40 dB should be sufficient to accurately estimate
the range of a source at any depth and ranges up to roughly
30 km, according to Fig. 5 and Eq. (17).

Given the sample sizes in Fig. 5(c), for example, the
source range MLE will be in the asymptotic regime where its
variance continuously attains the CRLB, which is the mini-
mum possible MSE of an unbiased estimate, regardless of
the method of estimation. Since the CRLB is inversely pro-
portional to sample size, as shown in Eq. (3), conditions can
be specified on sample size for the MLE error to meet any
desired threshold. It is then possible to determine whether
these conditions can be met in practice, since the number of
statistically independent samples of the received acoustic
signal is limited by the ratio of the measurement time win-
dow to the coherence time scale of acoustic field intensity,l’31
which can also be calculated.”’

The temporal coherence scale of acoustic field fluctua-
tions for a shallow-water continental shelf environment such
as the one considered here is on the order of minutes,37 SO
that the calculated necessary sample sizes imply that accurate
source localization may not be practical at ranges greater
than 20 km given the SANR[I] in Fig. 2, since stationary
averaging over time periods on the order of hours may then
be necessary.

B. Waveguide containing internal waves

The fluctuating waveguide considered here is the same
as that in Ref. 5, where the geometry, variables and param-
eters of the waveguide are also provided here in Fig. 1. The
variance of the acoustic field intensity, or incoherent inten-
sity, starts dominating the expected total intensity for ranges
beyond roughly a few kilometers in the upper layer and 20
km in the lower waveguide layer, as seen in Fig. 6(c). The
SNR[1] and SANR[1] are computed using Egs. (15) and
(16), respectively, and are plotted together with the ratio of
coherent to incoherent intensity in Figs. 6(a)-6(c) as func-
tions of source-receiver range and source depth for a wave-
guide containing random internal waves. The forward propa-
gated field quickly loses its modal coherence structure and
follows a decaying trend with local oscillations over range
due to scattering by random 3-D internal waves. The internal
wave disturbances have a height standard deviation of 7,
=4 m and coherence lengths of /,=1,=100 m.” In this ran-
dom waveguide, there is no longer a simple linear relation-
ship between SNR[1] and SANR[1], but 10 log;, SNR[1]
can be approximated as equal to 10 log,y SANR[1] minus
4-5 dB for ranges beyond roughly 30 km, as can be seen by
comparing Figs. 6(a) and 6(b), as well as in Fig. 7.

The loss of coherence in the forward propagated field
has severe effects on localization accuracy, as shown in Fig.
7 where the first-order bias, first-order covariance (CRLB)
and second-order covariance of source position MLEs are
plotted given a source fixed at 50 m depth and a sample size
of n=1. While the asymptotic bias and square root of the
CRLB of the source range estimate [Fig. 7(a)] are still found
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waveguide containing random internal waves. The internal wave distur-
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dominates at all depths beyond about 20 km. The total received intensity,
given by the numerator of SANR in Eq. (16) follows a decaying trend with
local oscillations over range. All quantities are plotted as functions of source
range p, and depth z, received at the 10-element vertical array described in
Sec. III. The receiver array is centered at p=0 m and z=50 m. The source
level is fixed as a constant over range so that 10 log;, SANR[1]is 0 dB at 1
km source range at all source depths
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n={max[n,,n,] X n')} is the sample size necessary to obtain an unbiased
source range MLE whose MSE attains the CRLB and has VCRLB
=100 m, and n,, n,, n’ are calculated using Eqs. (6) and (7), given a 415
Hz source placed at 50 m depth. Source level is fixed as a constant over
range so that 10 log;, SANR is 0 dB at 1, 10, 20, and 30 km source range
(black circles), respectively, for the four curves shown.

to be relatively small, on the order of 10 m for source-
receiver ranges greater than about 20 km, the square root of
the second-order range variance has increased by approxi-
mately an order of magnitude from the static waveguide
case. The asymptotic bias and variances of the source depth
MLE have all increased by an order of magnitude or more, as
seen by comparing Figs. 7(b) and 3(b). Similarly to the un-
disturbed waveguide scenario, increasing the array gain
could help improve the accuracy of source localization
MLE:s.

Given Eq. (6b), significantly larger sample sizes will be
necessary to obtain unbiased range MLEs that attain the
minimum possible mean square error compared to the static
waveguide case. It will also be practically impossible to at-
tain an accurate source depth estimate from a single sample
for ranges greater than a couple of kilometers, given the
SANR[1] in Fig. 6. For a given SANR[1], the asymptotic
statistics of the MLE for any arbitrary n can be obtained by
shifting the curves in Fig. 7 according to the order of the
term involved and the value of n desired. For this random
waveguide, the data covariance C is parameter dependent
and the MLE bias and covariance cannot be readily ex-
panded in inverse orders of SANR.* We find that increasing
SANR by a factor of 10 in Fig. 7 reduces the first-order bias
and the CRLB by roughly one order of magnitude, and the
second-order covariance by approximately two orders of
magnitude, as in the deterministic waveguide case. Minimum
variance range MLEs can then be obtained from a single
sample up to the maximum range for which the second-order
covariance and the CRLB are equal in Fig. 7, i.e. 5 km, given
such a factor of 10 increase in SANR.

Figure 8 shows the sample size n necessary to obtain an
unbiased source range MLE whose MSE attains the CRLB
and has VCRLB=100 m. It also shows that for fixed
SANR, n remains approximately constant as function of
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FIG. 9. Fluctuating waveguide containing internal waves. 10 log;, of the
square root of the CRLB for (a) source range py, (b) source depth Z,
MLEs given a single sample. 10 log,o(max[n,,n,]), the sample sizes or
SNRs necessary to obtain (c) source range, (d) source depth MLEs that
become unbiased and have MSEs that attain the CRLB. Given any design
error threshold, the sample size necessary to obtain an accurate source range
or depth MLE is then equal to (max[n,,n,])Xn’, where n’
=CRLB(max[n,,n,])/ (design threshold)?. The internal wave disturbances
have a height standard deviation of 7,=4 m and coherence lengths of [,
=1,=100 m. The source level is fixed as a constant over range so that
10 log;o SANR[1] is 0 dB at 1 km source range at all source depths.

source range in the fluctuating waveguide, since the forward
propagated field now follows a smoother trend with range
than the undisturbed waveguide due to scattering by random
3-D internal waves. If the received 10 log;, SANR is fixed at
0 dB for the four source ranges investigated in Fig. 8 (1, 10,
20, and 30 km), then to obtain a source range estimate of 100
m accuracy either (a) 20 samples are needed, or (b) given a
single sample a 10 log;y SANR of 13 dB [Eq. (17)] is nec-
essary.

The presence of internal waves may severely affect the
ability to obtain accurate estimates of source position in
practice, as can be deduced from Figs. 9(a) and 9(b) which
show the square root of the single-sample CRLB for source
range and depth estimation. The sample sizes necessary to
obtain unbiased source range and depth estimates which as-
ymptotically attain the CRLB are shown in Figs. 9(c) and
9(d) and are typically much larger than one, as expected
from Fig. 7.

The minimum error of an unbiased source range MLE is
on the order of tens of meters even at ranges beyond 20 km
for a source in the lower waveguide layer, as expected from
Fig. 7(a), but may become as high as several hundred meters
for a source in the upper layer where the SANR[1] is much
lower, as seen in Fig. 6. The minimum error of an unbiased
source depth MLE has increased from the undisturbed wave-
guide case by at least an order of magnitude, as expected
from Fig. 7(b). The sample sizes necessary to attain either of
these CRLBs have also increased by an order of magnitude
or more from those corresponding to the static waveguide
scenario, Fig. 5. These increases in the CRLBs and the nec-
essary sample sizes to attain them are particularly pro-
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nounced in the upper layer of the waveguide and the middle
of the lower layer at about 65 m, since those are the regions
of most rapid SNR[1] and SANR[1] decrease, and also
where the received intensity is weakly dependent on source
depth and range.

The calculated necessary sample sizes suggest that it
becomes practically impossible to accurately estimate source
position for ranges greater than a few kilometers for the spe-
cific receiver array, waveguide, source frequency and type of
instantaneous measurements considered given the SANR[I]
in Fig. 6(a) and typical acoustic field coherent scales,’ since
stationary averaging over tens of hours may be required. The
examples presented here illustrate passive source localization
scenarios typical of matched-field processing (MFP) and
focalization® in fluctuating wave*,guide:s.5’38_40 They not only
provide a quantitative demonstration of the degradation in
localization accuracy due to the presence of internal waves,
but can also be used to assess the effects of environmental
uncertainties on parameter estimation.

1. Importance of the joint-moment terms in
calculating the second-order covariance

Here, we show the benefits of employing the expression
for the MLE second-order covariance in Eq. (13) that can be
used to determine necessary sample size conditions for accu-
rate estimation given measurements whose mean and cova-
riance are both parameter dependent. If the physical environ-
ment leads to parameter dependence in both the mean and
covariance and this dependence is neglected in either, then
large errors can easily ensue, as demonstrated for the physi-
cal scenario considered in Sec. III B. Neglecting the param-
eter dependence in either the covariance or the mean is
equivalent to approximating the underwater acoustic mea-
surement as either (i) a deterministic signal vector, or (ii) a
fully randomized signal vector with zero mean, both embed-
ded in additive white noise.

These two common approximations to the received field
may lead to significant miscalculations of the CRLB and the
necessary sample sizes of Eq. (6), as can be seen by compar-
ing Figs. 7 and 9 to Figs. 10 and 11 and Figs. 12 and 13,
respectively. Note that the asymptotic biases and variances
for source range and depth MLEs [Figs. 10(a) and 10(b),
respectively] are of the same order of magnitude as those for
the undisturbed waveguide in Fig. 3. This is expected since
neglecting parameter dependence in the covariance C is
equivalent to assuming a static waveguide where the only
noise is purely white additive. The asymptotic biases and
variances for the case where p is assumed parameter inde-
pendent [Figs. 11(a) and 11(b)] are instead found to be many
orders of magnitude larger. The observed increase is much
larger than the decrease in SANR[1] and SNR[1], and sug-
gests that the covariance of the measurement is only weakly
dependent on source range and depth. The differences ob-
served between Figs. 10 and 11 are consistent with those
observed between Figs. 2 and 3 of Ref. 21, where the biases
of the MLE obtained from a purely random signal are found
to be much larger than those obtained from an equivalent
deterministic signal, and range estimation is more severely
affected.
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FIG. 10. The same as Fig. 7, but here the covariance C of the measurement
is assumed parameter independent so that its derivatives in Egs. (12) and
(13) are set to zero. The asymptotic biases and variances of source range and
depth MLEs are typically underestimated, as seen by comparing with Fig. 7.
This scenario is equivalent to incorrectly assuming the received measure-
ment is a deterministic signal embedded in purely additive white noise, in
which case the SANR and SNR of the measurement are equal and the two
curves coincide.

Both approximations to the measured signal model are
inappropriate for determining the sample sizes required to
obtain MLEs of source position that attain desired error
thresholds. The minimum errors for unbiased estimates of
source position given a single sample are shown in Figs.
12(a) and 12(b) and Figs. 13(a) and 13(b). The sample sizes
necessary to attain either of these CRLBs are given in Figs.
12(c) and 12(d) and Figs. 13(c) and 13(d). Setting the deriva-
tives of C in Egs. (12) and (13) to zero results in underesti-
mating the sample size required to obtain an accurate esti-
mate of source range by a factor of typically 102, as seen by
comparing Figs. 10(a) and 12(a) to Figs. 7(a) and 9(a), given
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FIG. 11. The same as Fig. 7, but here the mean u of the measurement is
assumed parameter independent so that its derivatives in Eqs. (12) and (13)
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depth MLEs may be significantly overestimated, as seen by comparing with
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noise.
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FIG. 12. The same as Fig. 9, but here the covariance C of the measurement
is assumed parameter independent so that its derivatives in Egs. (12) and
(13) are set to zero. The CRLB and the sample sizes necessary to attain it are
underestimated when compared with Fig. 9. This scenario is equivalent to
incorrectly assuming the received measurement is a deterministic signal
embedded in purely additive white noise.

the SANR[1] in Fig. 6(a). Similarly, setting instead the de-
rivatives of u to zero leads to an overestimation of this
sample size by a factor of at least 107, given the SANR[1] in
Fig. 6(a). In the latter case, the degradation in range estima-
tion is especially notable and minimum errors are now at
least as large as tens of kilometers beyond 20 km from the
source, having increased by several orders of magnitude
from those calculated in Sec. III B.

C. Discussion

We have calculated the sample sizes or SANRs neces-
sary to obtain accurate source localization estimates in a
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FIG. 13. The same as Fig. 9, but here the mean u of the measurement is
assumed parameter independent so that its derivatives in Egs. (12) and (13)
are set to zero. The CRLB and the sample sizes necessary to attain it are
overestimated when compared with Fig. 9. This scenario is equivalent to
incorrectly assuming the received measurement is purely random with zero
mean, embedded in additive white noise.
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static and a fluctuating waveguide, given a 415 Hz source
and an N/2=10 element array in Secs. IIl A and III B. As a
rough design rule, we find that in the lower layer of both the
undisturbed and fluctuating waveguide, source range can be
typically estimated to within 100X M m if the received
10 log; SANR at a single hydrophone is at least (13
+10 log;; 20/N’ 20 log,, M) dB, given a single sample
and a vertical array of N'/2 elements. The necessary SANRs
for both the undisturbed and fluctuating waveguide follow
the same design rule because they have similar range-
averaged behavior.

The necessary sample sizes or SANRs presented here
are consistent with those reported in experimental studies.
For example, in Ref. 17, the authors localize a source at a
range of 5 km with an accuracy of approximately 200 m
using single measurements at similar frequencies as investi-
gated here from a 32-element array, despite uncertainties in
the sound speed profile. The effective 10 log;) SANR of
their multi-spectral measurement is roughly 16 dB at a single
hydrophone, which is much higher than the (13
+10 log;((10/32)-20 log;, 2) =2 dB estimated from our
rough design rule for accurate source localization in a fluc-
tuating waveguide.

IV. CONCLUSIONS

A method is provided for determining necessary condi-
tions on sample size or signal to noise ratio (SNR) to obtain
accurate parameter estimates from remote sensing measure-
ments in a fluctuating ocean waveguide. These conditions are
derived by first expanding the bias and covariance of maxi-
mum likelihood estimates (MLEs) in inverse orders of
sample size or SNR, where the first-order term in the cova-
riance expansion is the minimum mean square error (MSE)
of any unbiased estimate, the Cramer-Rao lower bound
(CRLB). Necessary sample sizes or SNRs are then deter-
mined by requiring (i) the first-order bias term and the
second-order covariance term to be much smaller than the
true value of the parameter and the CRLB, respectively, and
(ii) the CRLB to fall within desired error thresholds. An ana-
lytical expression is provided for the second-order covari-
ance of MLEs obtained from general complex Gaussian data
vectors, which can be used in many practical problems since
(i) data distributions can often be assumed to be Gaussian by
virtue of the central limit theorem, and (ii) it allows for both
the mean and the variance of the measurement to be func-
tions of the estimation parameters. By comparing the
asymptotic biases and errors of MLEs, and the sample sizes
or SNRs necessary to attain accurate estimates in a static
waveguide and in the presence of internal waves, it is then
possible to quantitatively assess the effects of environmental
uncertainties on parameter estimation.

Here, we consider the problem of source localization in
a fluctuating waveguide containing random internal waves,
which we model using the analytical expressions provided in
Ref. 5 for the mean, mutual intensity, and spatial covariance
of the acoustic field forward propagated through random 3-D
internal waves in a stratified ocean waveguide for a continu-
ous wave (CW) narrowband signal. The loss of coherence in
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the forward propagating field due to scattering by internal
waves may have severe consequences on parameter estima-
tion and lead to significant losses in localization ability with
narrowband vertical array measurements for fixed source and
receiver. We determine the sample sizes and SNRs necessary
to obtain accurate source localization estimates in an undis-
turbed waveguide and find that the median necessary sample
size or SNR increases by at least an order magnitude in a
fluctuating waveguide, when internal wave fluctuations result
in the incoherent intensity component dominating the total
acoustic field intensity. Past experiments demonstrating lo-
calization with matched-field processing (MFP) in random or
fluctuating environments have used SNRs that exceeded the
derived conditions and so have not tested the limits of pas-
sive detection and localization. In practice, many stealthy or
distant sources will have much lower SNRs than have been
used in current experiments, and so would likely require im-
practically long stationary averaging periods for localization
to be possible. The results shown here provide an example of
how asymptotic statistics can be used in experimental design
to ensure that statistical biases and errors meet pre-
determined error thresholds.

We also demonstrate the advantages of using the expres-
sion for the second-order covariance presented here, which
accounts for parameter dependence on both the mean and the
variance of the measurement. This is achieved by comparing
the asymptotic biases and errors to those calculated when
either the covariance or the mean of the measurement is in-
correctly assumed to be parameter independent. Such ap-
proximations are often necessary to model the measured field
in fluctuating environments when it is not possible to deter-
mine the parameter dependence of both its mean and vari-
ance. Using the analytical tools developed here, we can in-
stead take advantage of the parameter dependence of both
the mean and variance of the measured field to obtain more
accurate parameter estimates. We find that modeling the
measurement as a deterministic signal vector leads to signifi-
cantly underestimating both the CRLB as well as the sample
size or SNR required to attain it. Similarly, modeling the
measurement as a zero-mean, fully randomized signal vector
results in a gross overestimation of the CRLB and the re-
quired sample size or SNR to attain it.

APPENDIX A: MEAN, COVARIANCE OF THE
FORWARD PROPAGATED FIELD, AND THEIR
DERIVATIVES

Here, we review the analytical expressions for the mean
field, variance, and expected total intensity of the forward
field propagated through an ocean waveguide containing ran-
dom internal waves. These expressions will be used to cal-
culate the mean vector p and the covariance matrix C in Eq.
(11), and determine their derivatives with respect to source
range and depth. We employ the formulation developed in
Refs. 5 and 41, where it is assumed that the internal wave
inhomogeneities follow a stationary random process in
space. Referring to Fig. 1, for a source at ro=(—py,0,z), the
mean forward field received by the gth hydrophone array
element at r,=(0,0,z,) is given by Eq. (83) of Ref. 41
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<‘I’T(rq|1’o)> = 2 \I’,(-")(rq|l'o)eif(j”uy”(ps)dps s (A1)

where p, is the horizontal location of the internal wave inho-
mogeneity, and

. lgnp()
i .
W (e, Iro) = 4=, (2 ), (20) == J (42)
d(ZQ) N8 NSnPo

is the incident field contribution from mode n given no in-
homogeneities in the medium, d(zy) is the density at the
source depth z, u,(z) is the modal amplitude at depth z, &, is
the horizontal wave number, and v, is the change in the
horizontal wave number due to multiple scattering from the
inhomogeneities. As detailed in Ref. 41, the modal horizontal
wave number change is complex, and it leads to both disper-
sion and attenuation in the mean forward field. Analytic ex-
pressions for v, are provided in Egs. (56) and (60) of Ref. 41
for compact inhomogeneities that obey a stationary random
process in depth and for general inhomogeneities with arbi-
trary depth dependence, respectively.

The variance of the forward field at the receiver is given
by Eq. (84) of Ref. 41

Var(‘l’T(rq|ro)) > [, (20)[u( Zq)|2

d2( 0) |§n| Po
< e=23{&up0t2, valp)dp,}

X (ef(ﬂpoﬂ,,(pa)dpa - 1), (A3)
where u, is defined in Ref. 41 as the exponential coefficient
of modal field variance, and J{...}, R{...} correspond to the
imaginary and real part, respectively. The variance of the
forward field depends on the first- and second-order mo-
ments of the scatter function density of the random medium.
Analytic expressions for u, for general surface and volume
inhomogeneities are provided in Egs. (74) and (77) of Ref.
41 for fully correlated and uncorrelated scatterers, respec-
tively.

The covariance of the forward fields received at r, and
r, is given by Eq. (104) of Ref. 41

Cov(\IfT(rq|ro),‘I’T(I‘p|1'o))

E271'

Ye &b
. d(z0) Iénl Po

[, (z0)[un(z)u" (2,

0
X exp(f (im{yn,q(ps) - Vn,p(ps)} - j{yn,q(ps)

~Po

+ vn,,,(po})dps) X (S npnartedie: 1), (A4)

The mean forward field of Eq. (Al) is also called the
coherent field, the magnitude square of which is proportional
to coherent intensity. The variance of the forward field in Eq.
(A3) provides a measure of the incoherent intensity. The total
intensity of the forward field is the sum of the coherent and
incoherent intensities. As shown in Ref. 5, the coherent field
tends to dominate at short ranges from the source and in
slightly random media, while the incoherent field tends to
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dominate in highly random media. It should be noted that in
a nonrandom waveguide u,=0 so that the variance of the
forward field is zero, from Eq. (A3). This is expected since
the field is fully coherent in this case.

1. Derivatives of the mean field with respect to
source range and depth

Going back to Eq. (Al), the modal amplitude u,(z) is
defined as

M,,(Z) - [N(l)ei%{‘yn}z — N(z)e_i%{‘yn}z]e_j{'yn}z. (AS)
We will assume that
0
f Vn(ps)dps = VuPo (A6a)
)
and
ad
ﬂ =0, (A6b)
979
so that
<\PT(r|r0)> = 2 Cn(Z)fn(Zo)gn(Po), (A7)
n=1
where the following quantities have been defined
l .
C,(2) =dm———=¢"""u,(2), (A8a)
d(ZO) \”8 7T§n
fn(ZO) = un(Z0)7 (A8b)
1 .
gn(py) = —=e/ert b, (A8c)

VPo

The derivatives of the mean field with respect to source
depth and range can then be simply expressed in terms of
derivatives of f,(zy), g,(po) and their products, respectively.

a. Depth derivatives

The first three derivatives of the mean with respect to
source depth z, are given by

Fzo) = iRLy N Ve ™m0 4 NOemiBnkole-dnb

= 3 yulfu(zo), (A9a)
Fiz0) = = [ y,)? + (3D 1fz0) = 237, (20),
(A9b)

£a(zo) == [R{y)? + (3H{y)Vfz0) — 23{ .} (o)
(A9c¢)

b. Range derivatives
The first three derivatives of the mean with respect to
source range p, are given by

el&rvpo

. . . L)
gn(pO) - \’% (l(gn + Vn) 2p0 s (Aloa)
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i(&+vpo [ (& ) 3
e +v
grlpo)=———| = (&+ v —i—"+ =5 |,
Vpo L Po 4py
(A10b)
3 ei(gn‘H}n)pO I 3 3 2
gn(pO) =T |- (gn + Vn)‘ + 2_(5}1 + Vn)
Vpo L Po
9 15
+i—(§,,+v,,)——]. (A10c)
4p; 8p;

2. Derivatives of the covariance of the field with
respect to source range and depth

We can express the covariance of the forward propa-
gated field in Eq. (A4) as

COV(\PT(rm|rO)’\PT(r/}|rO)) = 2 Dn(Zm’Zp)hn(ZO)ln(pO),

n=1

(A11)
where

PO P Sy (A122)
ZmZp) = 5 Ua(Z)u,(2,), a

T dP(zp) &, v
ha(z0) = |u,(z0) . (A12Db)

1 -

1(po) = —e 2wt mdro( e utedoc _ 1), (A12¢)

Po

We can simplify the above expressions for &,(z,) and I,(p,)
by writing

ho(zo) = (€728 0)[cos*(R{ v, }z) M1
+sin®(R{y,}z20) M2

+2 cos(R{y,tz0)sin(R{ y,tz0) M 3], (A13)
and,
1(py) = ie—23{§n+vn}po(ef gpon,,(ps)dp; _ 1)
Po
= le—w’o(xn -1), (A14)
Po
where
M1 = (R{INY = NN 4 (F{ND = NP}, (A15a)
M2 = (R{ND + NPV 4+ (F{ND + NP})2, (A15b)
M3 = 2[R{NP}FNDY - RINVF{ND)}], (A15¢)
Ky =23{&, + v}, (A15d)
N, = &) opynPd0s (Al5e)

The derivatives of the covariance of the field with respect to
source depth and range can then be simply expressed in
terms of derivatives of h,(z), [,(po) and their products, re-
spectively.
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a. Depth derivatives

The first three derivatives of the variance with respect to
source depth z, are given by

h(zo) = — 234y, (z0) + 29R{ y, Y200l
= cos(R{y,}zo)sin(R{y,}zo) (M1 — M2)
+ (cos’(M{y,}z0) — sin*(R{y,}z0))M3], (Al6a)

ha(zo) = = 23{y, [ 2h)(z0) + 23{ v}, (z)]
+ 2(R{y,) e P (sin2(R{y,)z0)
- cos* (R{y,}z0) (M1 - M2)

— 4 cos(R{y,}z0)sin(R{y,}z0)M3],  (A16b)
Iy (z0) = = 23{y,3h(zp) + 63{ v, (zo)
+4(3{ 1) h(z0)] - 4Ry, ) (zo)
+23{ v, th,(z0)]. (Al6c)

b. Range derivatives

The first three derivatives of the variance with respect to
source range p, are given by

1 1 1 1
ln(p()) = —e "o K,+—+ )\n —Kp— Tt My, s
Po L Po Po

1 [ 1\2 1
x(po) = —e b0 — (Kn + —) -5
Po L Po

1y 1,
_2/’(% Kpt— +_2+/'l’n+lu’n
Po

3 1, 1\ 3 1
ln(p()) = —e "o Kyt — | + 5\ Kyt —
Po Po Po Po
2 1) 1\?
+ 5+ N = Kyt +3u,| K+ —
Po Po Po

1 3 1
—3,u,ﬁ<f<n+ —) - _Z(Kn+ —) +3'u—2" +,u,3l
Po/  Po Po Po

1
- 3—3/L,’1<Kn+—)+3,u,,,p,,’l+,u::)}. (A17¢)
Po Po

APPENDIX B: JOINT MOMENTS FOR ASYMPTOTIC
GAUSSIAN INFERENCE: GENERAL MULTIVARIATE
GAUSSIAN DATA

Before giving the explicit expressions for the first order
bias and the second order co-variance, we define the auxil-
iary quantities

1
Nub = Ec_lﬂub + (C_l)b”’a

P aC™ o
e T ok
99 9 99°

=—-C! (Bla)

1
2
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TABLE I. Definitions of the shorthand notations used in Equations B2b-s.
perm(a,b,c) is a shorthand for sum of terms obtained by all permutations of
the indices a,b, and c. rot(a,b,c) is a shorthand for the sum of terms obtained
by rotating the indices a,b, and c. (a<>b) is a shorthand for the sum of terms
with indices a and b interchanged. These shorthand notations are used to
write Equations B2b-s in a compact manner.

ety perm(a,,a,,...,a,) Add the terms with permutated indexes
Add the terms with rotated indexes

Aal,az
apdy,...dy,> I‘O[((ll sy e sy
Add the terms with indexes a; and

Adraye.ay (a;=ap) a; inverted

1
Mahc = gc_lﬂahc + (C_l)cﬂab + (C_l)bc”“a
_ lC_l Fu N aC™' Pu
T3 99999799 99 999 9”
FC o
+—, Blb
3’ 99 9° (BIb)
. #C
_ -1 _c-1_ 7>
Ca]..ap - C Cal..ap - C 0"19“1 . ﬁ'ﬂali s (BIC)
~ #C!
_ -1 Y o T
Cayuay= CC 0= Co i, (B1d)

bl )
Bave =11\ 550 5 5 oo |) TN\ g g a0 )
(Ble)

and specify that we will write the tensors as a principal group
of terms plus the terms obtained by a rearrangement of the
indexes using the notation described in Table I. If more than
one of the symmetry prescriptions appear in the same tensor,
it means that the total number of terms contained is the prod-
uct of the number of terms generated by each symmetry. As
a reminder, for the terms where the sample size n is not
explicitly shown, we write a square bracket beside it contain-
ing the corresponding power. For example, v,,0.42] is pro-
portional to n? since it is the product of two terms propor-
tional to n.
The tensors are then given by

UVap=—"Uap= iab = nI:MZC_l”‘b + %tr(éaéb)]’ (Bza)

Uabe = n[_ MZbC_lMc - ”’Z(C_l)bﬂc + %tr(éaébéc)

~4r(CuCo ) rotab,e), (B2b)
Uape= nl:NabTﬂc + itr((?abéc)], (a — b), (BZC)

Vabe= n[— %MZ(C_]),,MC + étr(éuébéc)], perm(a,b,c),
(B2d)
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1 — 1 —
Vapea =]~ L, C g — Lt C
- %tr(Cvanvacéd) + %tr(éabcvcéd)
— 16t (CpCoa) = 1517(CapeCo) = 55, (C7Y) g

- }‘/.Lg(C_l)bcud:l, perm(a,b,c,d), (B2e)

_1 L Te-1G @&
Vab,ed™= 8Ua,bvc,d[2] + nl:zﬂac Cch"Ld

+ L C,6,6.60] perm(ab.cd).  (B2D)

vab,c,d = zltvabvc,d[z] - n[étr(écéd(jab) + %tr(écéabéd)
+ NabTéd”’c + Al_tﬂzc_léab”’d]’
(a < b)(cd), (B2g)

1 1 ~ o~
Vab,cd = Zvabvcd[z] + n[gtr(cabccd) + NabTCch]’

(a < b)(c—d), (B2h)
_ [L ¢ ¢ T ] -
Vabe,a =1 611 (CopcCo) + M ypopry),  tot(a,b,c),  (B2i)

Vabede = 1= Bt TedC e = 5010 C e
- ﬁ”’ (éabcdée) - ﬁtr (éabcéde)
+5tr(Cp CaCo) + 51r(CopCeiC.)
- 2tr(C,.C,C.Cp) + 21r(C,C,C.CC.,)
- ﬁﬂg(c_])bcdﬂe - é”’gbc_lécﬂde
- ¢ C'Cupt - ilhfbc_lécdﬂe],
perm(a,b,c,d,e), (B2j)

1 1 ~ ~
Uabc,d,e = gvd,evabc[z] - n[gtr(cabccdce)

+ é”gc_léabcﬂe + MaTbcéeMd]v
rot(a,b,c)(d « e), (B2k)

1 1 ~ ~ T
Uabc,de = gvdevabc[z] + n[ﬁtr(cabccde) + MabCCNde:I’

rot(a,b,c)(d < e), (B21)

1 nfy =~ == =~
Uab,cde = Zvabvcd,e[z] - E[Ztr(cabceccd) + NabTCcd”’e

+ NabTCeCch]’ (a g b)(C < d) (ab > Cd),
(B2m)
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1 1 perm(a,b,c,d)perm(g,e,f), (B2r)
Uab,c,d,e = Evabvc,d,e + Zvd,evab,c [2]

n|1 ~ o~ o~ ~ =~ = Vabe,de.f,g
+—| ~tr(C,C.C,C,) +2N,, C,C
2l 2 r( ab“~c“d e) ab Ll ey ) VabelUael [3]

12
+ulC'C.C ppm (a < b)perm(c,d,e)
d crablre | e + Udevabc,f,g + vabcvde,f,g + Uf,gvabc,de + 2'vabc,fvde,g [2]
(B2n) 12
UdeVapcV 5
1 1 - Sl ]
vabc,d,e,f= Evabcvd,e,f"' gvabc,dve,f [2]
~ ~ 1 ~ ~
n ~ ~ o~ ~ T~ = tn M;bchCgCNde + ENdeTCfCubcM'g
+ g[” (CabchCeCf) +6M,, C.Crpy
1 ~  ~ 1 ~ o~
- -~ +-N,"CpCip, + —p:C'C,,.Cyp
+ M;C_lcfcabc”'e + M;C_]Cabccf”“e]v 3 a b f”’g 6,-Lf b ”’g
rot(a,b,c)perm(d,e,f), (B20) 1 i~ o~ 1 - -
+ EM;C lcdecahc”’g + EMaTthdeCfM‘g
Vab,cde.f = iUabvcdvej{?’:l + (M(Ucdef_ Ucdvef) 1 T &~ 1 ~ A AR
o 16 ’ 8 h ’ + EMabchCde”‘g + er(cabccdecfcg) >
U, ¢ 1
+ Tg(vcd,ab - vcdvub) + gvub,evcd,f) [2] rOt(a»b, C)(f Amd g) (d A 6’). (BZS)

The expressions given above are in a form suitable for
+ n{itr(éabéc déeé )+ 1 NcheeC (CN,, analyzing situations where the parametric dependence is on
16 2 both the mean vector g and the covariance matrix C. The
1 i~ = S formalism can also be readily adapted to the case where only
gt CCCoaps+ p, CCLCLCN, |, the mean vector or the covariance depends on the parameters
by setting the derivatives of the covariance matrix or the

(a+ b)(c = D)(e f)lab+ cd), (B2p) mean vector to zero, respectively.
The explicit expressions of the tensors evaluated for

VapVcdVef 3] general Gaussian random variables can also be used for ran-

Vab.cd.ef.g = 16 dom data that are not distributed in a Gaussian form pro-
vided that they can be expressed as functions of Gaussian

+ VabVcd,ef.g + Vab,gVef.cd — 3Vab,gVcdVef [2] random variables with a Jacobian of the transformation that

16 is independent of the parameters to be estimated.”® Consider

W1 - L L o for example a single vector sample composed of Ry,...,R,

+ —[—tr(CabCCdCefC Q)+ NZhCCdCefﬂg arbitrary random variables which can be expressed in terms

414 of yy,...,y, Gaussian random variables (¢ =b). Assume the

r~ ~ o~ ~ Jacobian of the transformation is independent of the
+NgpCodCyCN g+ Ny C,C i CN ef}’ m-dimensional parameter vector €. The mapping is assumed

to be one-to-one between y=[y;,...,y,]" and R

(a < b)(c < d)(e « f)perm(ab,cd,ef), =[R,,...,R,]" (for g=b), or between y and R’ =[R,Q]"

B2q) =[Ri.....R,. Q... 0, ,]" (for g>b), with Qy,...,Q

some arbitrary random variables that are not dependent on

(VabedVesg . VabedgVes the parame.ter vector 6. For .the general case of q.> bf the
Uabed,ef.g = 144 + 48 (2] parameter independent Jacobian of the transformation is J'

=|dy/dR’|. Under these assumptions, we have the following
identity which holds for the expectation of any function of

|l ~c&@& L rg
+n{48tr(CeCfC «Caca) + {6” € Chea derivatives of the likelihood function with respect to the

| | parameters,30
2T -1 | 2. T -1~
o #ancC Cat T CCoy Pae Jf<a in(p(R|O) & ln(p(R|0))) (R|O)R
1 :| R (701 bl [} (9311 p
T -1 |~ &
+— 4 [C.C
o4 Haved 7t B f f f(a n(pR|OpQ) zn<p<R|0>p<ﬂ>)>
| pom = ] a6, C a6
+—u;,CC,.,C ,
pgtte’ Tabcd-rhy X p(R|0)p(Q)dRAQ, (B3)
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for all i=1,2,...,m, where the last equality is introduced so
as to make the transformation between R’ and y, since
P(R|0)p(Q)=p(y(R,Q|6))J" and Q is parameter indepen-
dent. Equation (B3) can then be written as

Jl R,Q)|6)J’
<f>R=fff( n(p(y(w )|0) )
& ln(p(x(R,Q)|0)J')>
a6
Xp(y(R,Q)0)J' dRAQ

_ff(r?ln(p(y|0)) # In(p(y|0))
- o, T o

i

)p(yl 0)dy

= (fy- (B4)

The expected value of any function of derivatives of the
likelihood function for R with respect to the parameters 6
can then be written as the same function of derivatives of the
likelihood function for y. Since the asymptotic orders are
function of expectations that have the same structure as Eq.

(B3), the asymptotic orders of the MLE of a parameter @ can
be computed from measurements of the non-Gaussian quan-
tity R.

For example, the MLE of a scalar parameter 6 from an
observation R distributed as a Gamma with parameter depen-
dent mean o(6),

(R|0) ( n )n n—1 ( nR )
= exp| — ,
! o(0)) T P\” (o)
can be computed using the set of Gaussian random variables
Yis--5Yom

(B5)

2n 1 ( yiz )

p(ylv e ’y2n|6) 11} \”’770'(6) exp 0_(0) . (B6)

Substituting for the tensors of Eq. (B2) into Egs. (8) and
(10), expressions are obtained for the first-order bias and
second-order covariance of the MLE given general multi-
variate Gaussian data. The former has been stated in Eq. (7)
of Ref. 1, while the latter is now shown here. For the diag-
onal terms of the second order covariance matrix,

UarZ(éra ér) =i+ irmirmiabl:”’mac_ll“mb - ”‘mmc_lﬂah - I“mahc_lﬂm + tr(éméinéaéb) + tr(éméaéméb)

+ 1r(C,C,,C,) = 1r(C,,,C,,Cp) = 1r(C,iC,C,) + 317(CeCop) = 317(CrCo) = 317(CesC)

+ 4’”‘ma(c_1)mﬂb + zﬂma(c_l)bﬂm - ”‘ab(c_l)m”‘m + ﬂa(c_l)mm”‘h + l“m(c_l)a(c_l)bﬂm
+ 2”;11(C_1)a(c_1)m”“b + ”’a(C_l)m(C_l)mﬂb] + irmirmiabiCd{MmuC_lMc[_ ”“mdc_ll'l’b - Zﬂb(c_l)dﬂm

- 4Mb(c_l)m”'d - tr(émdéb) + tr(cvbdém) + tr(émcvbéd) + tr(émédéb)] + ”’acc_l”‘m[%”‘bdc_lﬂm

24, C g+ HH(CiCo) + 11(CoyCo) = 1r(CCoCd | + 1(CCuC Ol o C) ptty + (€

+ 3”‘/7(C_1)m”‘d + %(_ tr(émébéd) - tr(énzédéh) + tr(émdéh) + tr(émhcvd) - tr(éhdém))] + tr(émacvc)
X[ 3rC0C0) = (€t = 28 C )] = 31 C) bt €)1ty + 1€ € 317,

+ étr(cvbdém)] + Mm(c_l)al-l'c[_ Mm(c_l)d”'b - 2”‘b(c_1)mﬂd] + [Mcdc_lﬂa - MC(C_I)aﬂd + %tr(écdéa)]
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