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Chapterr 7 

Applicationn of the downhill simplex algorithm to 

reducee the uncertainly in matched field inversion 

results0 0 

Abstract t 

Inn this paper an assessment of the accuracy of unknown geo-acoustic and geometric parameter 
estimates,, obtained through matched field inversion, is presented. This work is a sequel of 
workk presented earlier [J. Acoust. Soc. Am. 109 (2), 514-527 (2001)], where use was made of 
aa genetic algorithm for the inversion of multi-frequency experimental data. The inverted 
signalss were transmitted by a fixed source and received on a vertical array at a distance of 2 
kmm from the source. The parameter uncertainties are assumed to originate from several 
distinctt causes, i.e., the imperfect optimization method, temporal oceanographic variability, 
andd noise in the data. The influence of the first two causes is evaluated through simulations 
comprisingg sets of synthetic data. It is shown that through the additional use of the downhill 
simplexx method as a local optimization method, the parameter uncertainties are reduced 
significantlyy compared to that when applying a genetic algorithm only. At the same time, 
applyingg the downhill simplex method reveals that the temporal oceanographic variability 
cannott account for all uncertainty. The Cramer-Rao lower bounds are calculated in order to 
determinee the theoretical lower bounds on the parameter uncertainty. 

7.11 Introductio n 

Matchedd field inversion (MFI) is a technique for determining unknown parameters of the 
oceann environment. The unknown parameters are estimated by minimizing an energy function 
thatt provides a measure for the differences between a measured acoustic field and acoustic 

DD Submitted to the Journal of the Acoustical Society of America. 
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fieldss that are calculated by a propagation model. One important application of MFI is geo-
acousticc seabed parameter estimation. 

Sincee the number of possible parameter combinations is huge, and since there are many 
locall  optima, global optimization methods are needed for guiding the search for the set of 
unknownn parameters that gives the optimum match between measured and calculated acoustic 
fields.. The two most widely used global inversion methods are genetic algorithms (GA) and 
simulatedd annealing (SA). The drawback of using global optimization methods for matched 
fieldd inversion problems is that these methods are not suited for determining the exact global 
optimum.. They provide a solution in the neighborhood of the global optimum, resulting in an 
uncertaintyy in parameter estimates. This uncertainty can be reduced, or even eliminated, 
throughh the additional use of a local optimization method. The optimization method itself, 
however,, is not the only cause for the uncertainty in the parameter estimates. Variability in the 
oceann environment and noise in the data further contribute to the uncertainty. 

Inn this paper the accuracy of the parameter estimates is quantitatively assessed by 
consideringg the contributions of each of the above-mentioned causes. Use is made of acoustic 
dataa that have been obtained during the ADVENT99 sea trial.1'2 In (Snellen1) results of 
inversionss of these data are presented. The inverted parameter values were found to be in very 
goodd agreement with independent measurements, which comprise DGPS measurements for 
thee source/receiver range, and current meter measurements for the array tilt . A seismic survey 
wass carried out for obtaining information on the sediment layer thicknesses and layer sound 
speeds.. In this paper we will extent the analysis of (Snellen1). 

Inn general, when using a global optimization method for finding the optimum, and 
performingg several independent inversions for the same acoustic data, each inversion will 
resultt in (slightly) different estimates for the unknown parameters. As already mentioned 
above,, this stems from the fact that global optimization methods are suitable methods for 
locatingg the global optimum, but are inefficient in finding the exact global optimum. Local 
methodss are usually able to more efficiently descend towards a local minimum. However, 
theyy easily get trapped in local minima. Therefore, a logical approach seems to use a 
combinationn of a global and a local optimization method. In the literature several approaches 
aree presented.3"8 We combined a GA with the downhill simplex (DHS) method as a local 
method,, in such a way that GA and DHS were applied sequentially, i.e., DHS was applied 
afterr the GA has converged. 

Thee way the variability in the ocean environment influences the accuracy of parameter 
estimatess is illustrated in the following. Consider inversions of experimental acoustic fields 
thatt were measured at different times, which is the situation here. In practical situations the 
soundd speed profile in the water column will vary with time to a certain extent. If one does not 
accountt for this variability in the inverse modeling, this can result in mismatch between the 
actuall  sound speed structure between source and receiver and the sound speed structure that is 
usedd for the forward model calculations. Therefore, the parameter estimates will also vary 
withh time in such a way that it corrects for this mismatch. The corresponding contribution to 
thee uncertainty can, at least in principle, be eliminated when the sound speed structure is 
knownn exactly at the time of each transmission. Under practical experimental circumstances, 
however,, this is virtually impossible. In (Snellen1) and in this work we assess the influence of 
thee oceanographic variability by performing inversions for synthetic data that account for the 
mismatchh due to this variability. 

Noisee in the data results in a contamination of the energy function. Minima can get less 
pronounced,, or might even disappear.3 This also contributes to the uncertainty in the 
parameterr estimates. 

Thee results presented here provide an additional analysis of that given in (Snellen1). This 
paperr differs from (Snellen1) in the following: to reduce the uncertainty due to the method, the 
DHSS method is applied after the GA. Also, the Cramer-Rao lower bounds are calculated in 
orderr to estimate the maximally attainable accuracy. 
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Thee paper is organized as follows: 
Inn Section 7.2 the ADVENT99 experiment is briefly summarized. In Section 7.3 details on 

thee acoustic inversion method are presented. In Section 7.4 results of the inversions are given, 
illustratingg the effect of the additional application of the local optimization method. Section 
7.55 presents the Cramer-Rao lower bounds for the acoustic problem. 

7.22 The ADVENT99 experimen t 

AA detailed description of the ADVENT99 experiments, jointly conducted by SACLANT 
Centree and TNO-FEL, is given in (Snellen1) and (Siderius2). A large part of the ADVENT99 
seaa trial comprised acoustic experiments with both the source and the receiver at a fixed 
position.. These fixed geometry experiments were conducted in a shallow water area on the 
Adventuree Bank (water depth 80 m) for source/receiver ranges of 2, 5 and 10 km. As in 
(Snellenn ) we only consider data of the 2-km experiment. The 2-km experiment took place on 
Mayy 2 1999 from 12:37 to 20:17 UTC time. The source used for the acoustic transmissions 
wass mounted on a tower that was moored on the sea bottom for keeping it at a fixed position. 
Thee receiving system consisted of a vertical array (VA), containing 64 elements and spanning 
622 meters of the water column. As in (Snellen1) we consider the multi-tone signals 
transmittedd in the band (200-700 Hz). 41 snapshots of 2-s data were selected from the 
receivedd time series and were fast Fourier transformed into the frequency domain. We have 
selectedd the frequencies 200, 300, 400 and 600 Hz. The resulting complex pressures as a 
functionn of depth are further referred to as 'pressure fields'. These 41 pressure fields were 
usedd in the inversions, and correspond to data transmitted at 15 minutes interval, spanning the 
totall  duration of the 2-km experiment (about 8 hours). A CTD-chain was towed by INS 
CiclopeCiclope back and forth along the acoustic track, providing information on the sound speed 
structuree of the water column. These data are used for simulating the effect of oceanographic 
variabilityy on the parameter uncertainty. 

7.33 Acousti c inversio n metho d 

Forr the forward acoustic model we have applied the standard normal-mode technique.10 The 
sedimentt layer and the sub-bottom are treated as fluid layers and the high loss continuous 
eigenvaluee spectrum is ignored. 

Inn Section 7.3.1 the objective function to be minimized is described. In Section 7.3.2 we 
presentt details on the applied global optimization method, whereas in Section 7.3.3 the 
appliedd local optimization method is presented. In Section 7.3.4 the acoustic problem is 
brieflyy described. 

7.3.11 The objectiv e functio n 
Thee objective (or energy) function gives a quantitative measure for the agreement between the 
calculatedd and measured acoustic fields. We have selected the following objective function £, 
whichh is based on the incoherent multi-frequency Bartlett processor11'12 

£(m)) = l - l | ; | po A j (A ) -p r a /; ( / i ,m ) |2 (1) 

withh m the vector containing the unknown parameters, the " " denoting the complex 
conjugatee transposed, " indicating the inner product of the vectors p ^ (fk), the measured 
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pressuree field at frequency fk, and pcaU.(fk, m), the pressure field calculated for parameter set 
mm and frequency fk. Both pressure vectors are normalized such that their norm equals one, i.e., 
IPOAJII

 = \\Pcau\\= 1  The number of frequencies K is 4, see previous section. 

7.3.22 Globa l optimization : the geneti c algorith m 

Wee have applied a genetic algorithm (GA)IJ for finding the minimum of the objective 
function,, Eq. (1). A description of the GA applied can be found in previous work.12 The 
settingss of the GA are: population size q = 64, reproduction sizê  = 0.5, crossover probability 
ppcc = 0.8 and mutation probability pm = 0.05. Convergence of the GA is established by taking 
4000 generations, resulting in 12832 forward acoustic model runs per frequency. For better 
exploitationn of the search space around the global optimum and for diminishing the risk of 
endingg up in a local minimum, 5 independent GA runs are carried out for each pressure field. 
Thiss results in 12832x5x4 = 256640 forward runs per pressure field. As we have selected a 
populationn size q of 64, each set of 5 GA runs results in 320 estimates for each parameter. 
Fromm these parameter sets, the one that corresponds to the lowest energy function value was 
selected.'' This parameter set is denoted by GAbest and is taken to be the solution of the 
optimization. . 

7.3.33 Local optimization : The downhil l simple x metho d 

Inn the literature a variety of combinations of global and local methods is presented.3"8 Since in 
thiss paper the goal is to assess uncertainties in parameter estimates, and since for this use is 
madee of the results presented in (Snellen1), we select the following straightforward approach. 
Thee results presented in (Snellen1) were obtained using a GA. Here we assume that the global 
optimumm has been correctly located, and that all solutions are somewhere in the neighborhood 
off  the global optimum. To reduce the inherent uncertainty in parameter estimates, we apply a 
locall  method after the global GA search using the GAbest parameter set as a starting point. The 
chosenn local method is the downhill simplex (DHS) method.5"8 In Appendix D another local 
optimizationn method, being the Levenberg-Marquardt method, is considered and its 
performancee is compared to that of the DHS method for the acoustic problem. 

DHSS is not very efficient in the amount of function evaluations that it requires, but has the 
importantt advantage that it does not require the calculation of derivatives. It is based on an 
intuitivee geometric scheme for minimizing the energy function in the parameter search space, 
suchh that it makes its way downhill through the complexity of an M-dimensional topography, 
untill  it ends up in a (local) minimum. For M unknowns, DHS works with M+\ parameter sets. 
Thee geometrical figure that consists of these M+\ parameter sets and all interconnecting line 
segmentss is called the simplex. In two dimensions (M = 2), the simplex is a triangle; in three 
dimensionss it is a tetrahedron (M =3). For finding parameter sets with lower values of the 
energyy function the simplex undergoes a series of transformations, illustrated in Fig. 1 for M 
==  3. One of these transformations is reflection, where the point of the simplex with the highest 
energyy is moved through the opposite face of the simplex, with the intention to thereby obtain 
aa solution with a lower energy. In case the new point has an energy function value lower than 
thatt of any of the simplex points, the simplex is expanded in this direction for further 
exploringg this new area. If reflection (and expansion) do no result in a decrease of the energy, 
contractionn away from the point with the highest energy is carried out. The algorithm is 
repeatedd if it encounters an improvement in the energy function during any of these three 
operations.. If no decrease in the energy function value is obtained, a multiple contraction in 
alll  dimensions towards the parameter set with the lowest value for the energy function is 
performed.. As a consequence of all these operations, DHS has the ability to explore the 
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parameterr space within and around itseii to some extent and eventually contract to a local 
minimumm if allowed to run long enough. 

initiall  simplex 

reflection n 

contraction n 

multiple e 
contraction n 

Fig.. 1 Steps taken during the DHS optimization. 

Wee use the DHS algorithm as described by (Nelder14). An extensive set of test runs 
showedd that the best results are obtained when the DHS algorithm is restarted several times 
untill  this does not result in a further improvement. This is done in such a way that the 
resultingg parameter set of the current DHS run is used as one of the elements of the initial 
simplexx of the next DHS run, while each DHS run is carried out for a limited set of iterations. 
Thiss approach ensures that the simplex keeps a certain volume, thereby providing a better 
explorationn of the area around the minimum. 

7.3.44 The acoustic problem 

Thee 11 parameters included in the inversion are extensively discussed in (Snellen1) and are 
brieflyy summarized below. 

Thee bathymetry along the 2 km acoustic track was found to be fairly range-independent (2-
mm depth variation over the 2 km) and therefore we assume a constant water depth Hw. The 
geo-acousticc model consists of a single sediment layer with thickness hsed, overlying a 
homogeneouss sub-bottom. The sediment compressional wave speed is assumed to vary 
linearlyy with depth from C/selj at the top of the sediment to cy.sed at the bottom of the sediment, 
andd to have a constant value c/, in the sub-bottom. The attenuation constant a and the density 
pp in the sea bottom are taken to be depth independent and are assumed to be equal in the 
sedimentt and the sub-bottom. The array configuration is defined by estimating hi, the distance 
off  the deepest hydrophone to the bottom, and the effective array tilt 9 in the plane of 
propagation.. The source range, rs, and the source depth, here defined by the distance from the 
sourcee to the bottom A, have a large influence on the acoustic propagation and are not known 
too the required accuracy. The baseline values of rs, A and hi are 2040, 4 and 9.5 m, 
respectively. . 
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Thee sound speed profile used for the inversions is the sound speed profile that corresponds 
too the CTD taken from the NRV Alliance on May 2, 12:20 UTC, i.e., 17 minutes prior to the 
executionn of the experiment. 

Tablee I lists the unknown parameters and their search bounds. 

Tablee i The unknown parameters, their symbols and search bounds. 

Parameter r 
Upperr sediment sound speed (m/s) 
Sedimentt thickness (m) 
Lowerr sediment sound speed (m/s) 
Sub-bottomm sound speed (m/s) 
Densityy (g/cm3) 
Attenuationn constant (dB/X) 
Sourcee range (m) 
Distancee source to bottom (m) 
Tiltt (deg) 
Waterr depth <m) 
Distancee lowest hydrophone to bottom (m) 

Symbol l 
Cl.sed Cl.sed 

hsed hsed 

C2,sed C2,sed 

Cb Cb 

P P 
a a 
rrs s 

A A 

e e 
H„ H„ 
hi hi 

Searchh bounds 
[14755 17001 
f11 251 
[14755 1800] 
[15155 19001 
[11 2.3] 
[00 1] 
[17000 2500] 
[00 10] 
[-100 10] 
[755 85] 
[7.55 12.5] 

7.44 Inversio n result s 

Thee inversion results presented in (Snellen1) were obtained using a GA only. Three sets of 
inversionss were carried out, denoted by EXP, SIM1, and SIM2. EXP comprises 41 inversions 
off  measured data. The 41 snapshots used for these inversions were transmitted at 
approximatelyy 15-min intervals, and span the entire 2-km experiment, which lasted for over 
eightt hours. SIM1 consists of 41 independent inversions, each for the same synthetic pressure 
fields.. The results of the SIM1 inversions can be used for assessing the contribution of the 
optimizationn method itself to the uncertainty in the parameter estimates, and its ability to 
locatee the correct solution. Finally, SIM2 comprises inversions of 41 synthetic pressure fields 
calculatedd using 41 different sound speed profiles. These profiles were measured along the 
acousticc track by the towed CTD-chain, and, therefore, are indicative of the actual temporal 
soundd speed variability as encountered during the experiment. By using a single averaged 
soundd speed profile for all replica pressure fields, SIM2 provides a simulation of the effect of 
temporall  oceanographic variability on the parameter uncertainty. SIM1, SIM2 and EXP are 
alll  multi-frequency inversions using the frequencies (200, 300, 400 and 600 Hz) and assume 
thee environment to be range-independent. 

Fromm the three sets of inversions it was found in (Snellen ) that a large part of the 
uncertaintyy in the inverted parameters is caused by the optimization method itself (SIM 1). In 
thee present work the aim is to get a more accurate optimization by applying DHS as a local 
methodd after the GA. DHS is applied to all results of the three sets of inversions, using the 
GAbestt parameter set as one of the elements of the initial simplexes. 

7.4.11 Applyin g DHS to SIM1 inversion s 

Figuree 2 shows for three of the unknown parameters, cj,sed, A ̂ d r* ' m e values as obtained by 
GAA only, and by GA followed by DHS. (Plots for the remaining parameters can be found in 
Appendixx D, Fig. 12). The solid black horizontal lines indicate the true parameter values, 
whichh are, of course, known exactly for these simulations. The true geo-acoustic parameter 
valuess are chosen such that they correspond to a clayey silt sediment. It can be concluded 
thatt applying DHS after GA is a suitable method for determining the correct solution. 
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C1,sedd  ( m / S ) P ( 9 / C m > 
rr (m) 

energy y 

200 40 

realization n 

Fig.. 2 cised, p, and rs estimates for the SIM1 inversions using the GA only (upper subplots), and GA 
followedd by DHS (lower subplots). The two right-most subplots show the corresponding energy 
values.. The upper plots are from (Snellen1). 

Ass a measure of the parameter uncertainty we present the standard deviations of the 41 
estimatess for each parameter in Table II. Since the number of observations (i.e., 41) is 
relativelyy small we also determined the statistical uncertainty or error on the standard 
deviations.'' These are also given in Table II. It is seen that due to the additional application of 
thee local method, the contribution of the optimization method to the uncertainty is reduced 
significantly,, except for hsed, C2,sed, and Q,. For these three parameters the standard deviation 
actuallyy increases. They are less well determined due to parameter coupling and because some 
off  these parameters have only a minor influence on the acoustic propagation. This is 
illustratedd in Fig. 3 showing energy as a function of C2,sed and hsê  while having the remaining 
99 parameters at their correct values. 

1950 0 

1900 0 

1850 0 

1 1 —— 1800 

1 1 
u 1750 0 

1700 0 

1650 0 

1600 0 

^EÊrs ^EÊrs 

W//' W//' 
m?//m?// ' 

wp//wp//  / 

HP// // / 
HPvv / 

^^mW/^^mW/  / 

f f 
PsÉÉÉs s WLWL  T*»-^ i<-—1—MÜÏTHTI "i 

* * 

_^—--""~^ ^ 

- ^ ^ ^ ^ 

100 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0 
hh (m/s ) 

0.0 2 2 

0.01 8 8 

0.01 6 6 

0.01 4 4 

0.01 2 2 

0.0 1 1 

0.00 8 8 

0.00 6 6 

0.00 4 4 

••  0.00 2 

0 0 

Fig.. 3 Energy as a function of dsed, and hserf, while keeping the remaining parameters at their correct 
values.. Also shown are the (%& estimates plotted against h&A estimates as obtained from GA 
inversionss only (indicated by circles) and by also applying DHS (indicated by the crosses). The 
dashedd lines indicate the true h^n and czsa* values. 
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Itt appears that there is a long valley with low energy function values indicating a strong 
parameterr coupling between C2,sed and hse<j, i.e., the acoustic field is only sensitive to the sound 
speedd gradient in the sediment. This explains the large uncertainty on the estimates for these 
twoo parameters. The estimates for C2.sed and hsec/ as obtained from the inversions (GA only and 
GA+DHS)) are also plotted in Fig. 3 and are all on or in the neighborhood of the valley. The 
spreadd in C2,sed and hsed values even increases by applying DHS, due to the fact that for the GA 
optimizationn the search space is bounded, whereas it is unbounded for DHS. However, these 
C2,sedC2,sed and hsed estimates are perfectly aligned along the low energy valley. Based on this 
knowledge,, an approach could be to invert for the sound speed gradient in the sediment (as 
demonstratedd in (Ainslie ')). However, in this approach still either C2,sed or hsed would have to 
bee determined. Both C2,sed and hsed can be determined in theory, since the valley is not equally 
deepp everywhere (see Fig. 4). The minimum of the valley is at the true parameter values 
(16500 m/s and 15 m), but this minimum is very shallow. Hence, it will be difficult to estimate 
hhsesedd when optimizing for gradient and hsed- Although we do not explicitly invert for the 
sedimentt gradient, its value can be inferred from the (hsed,C2.sed) combinations found by the 
DHSS inversions plotted in Fig. 3. The inverted gradient amounts to 4.0 s", which is equal to 
thee true gradient. 

00 5 10 15 20 25 30 35 40 
sedd * ' 

Fig.. 4 Energy as function of hse<i along the low energy valley of Fig. 3. (Note that in this figure a varying 
hsedhsed implies a varying c2sed according to the line through the crosses of Fig. 3). 

Inn Fig. 5 we compare the influence of ct, on the energy with that of hsed and C2,sed- The 
minorr influence of c*  on the energy explains the large spread in its optimized values, see 
Tablee II. 



143 3 

.x1 0 0 

16000 165 0 170 0 175 0 180 0 185 0 190 0 195 0 

-x10" 3 3 

17000 175 0 180 0 185 0 190 0 195 0 

Fig.. 5 Energy plotted as function of cisea, / w , and cb. The dashed vertical lines show the true values. The 
plotss for hsed and czsed correspond to cross-sections in the energy surface of Fig. 3 along the 
dashedd lines indicated in this figure. 

7.4.22 Applying DHS to the SIM2 inversion results 

Forr the SIM2 inversions, Fig. 6 shows the estimates for C]lSed, A and rs as obtained by GA 
only,, and by GA followed by DHS. The solid horizontal lines indicate the true parameter 
values.. As can be seen in Table II the standard deviations corresponding to the inversion 
resultss are considerably reduced by the additional application of DHS. The difference between 
SIM22 and SIM1 is that SIM2 includes the effect of temporal oceanographic variability by 
usingg different sound speed profiles for each of the 41 realizations, whereas for SIM1 the 
samee profile is repeated 41 times. Due to this oceanographic variability the parameter 
estimatess show a larger spread then those obtained for the SIM1 inversions. Also shown in 
Fig.. 6 is the optimized energy, both obtained after applying GA only, and obtained after also 
applyingg DHS. The decrease in energy obtained through the additional application of DHS is 
smallerr than that for the SIM1 inversions. 
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Fig.. 6 ci.sed, p, and rs estimates for the SIM2 inversions using the GA only (upper subplots), and GA 
followedd by DHS (lower subplots). The two right-most subplots show the corresponding energy 
values.. The upper plots are from (Snellen1). 

7.4.33 Applying DHS to the EXP results 

Figuree 7 shows the estimates for cy,ie</, p, and rs as obtained by GA only, and by GA followed 
byy DHS for the experimental data. Clearly, the parameter uncertainty is reduced by using the 
DHSS and this can be seen also from Table II. As for the SIM2 inversions, the decrease in 
energyy is less than that obtained for the SIM1 inversions. 

1700 0 

1650 0 

1600 0 

1550 0 

1500 0 

,, (m/s) PP (g/cmJ) rr (m) 
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pW W 
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0.08 8 
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+M.M M 
JJ Tl' 

jjll \ 
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only only 

Fig.. 7 cised, p, and rs, estimates obtained after inversions of the EXP data using the GA only (upper 
subplots),, and GA followed by DHS (lower subplots). The two right-most subplots show the 
correspondingg energy values. The upper plots are from (Snellen1). 
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7.4.44 Discussio n 
Tablee II summarizes the standard deviations of the parameter estimates for the three sets of 
inversions.. Since a limited amount of runs is considered (41), the statistical error on the 
standardd deviation must also be considered in order to judge whether the observed 
improvementt in the accuracy in the parameter estimates is statistically significant.1 It can be 
seenn that the standard deviation for all parameters, except for hxd, C2,sed and Cb, is indeed 
reducedd by the additional application of DHS. 

Tablee II Standar d deviation s for the 41 paramete r estimate s of the SIM1, SIM2 and EXP inversions . Als o 
give nn is the statistica l erro r on each standar d deviation . The last row give s the resul t for the soun d 
speedd gradien t in the sediment , determine d fro m Ci,seo,  c ^ , and n»*. 

Parameter r 
symbol l 
CiCilSlSeded (m/s) 

/ised(m) ) 

C2.sedC2.sed (m/S) 

CbCb (m/s) 

p(g/cm3) ) 

a(dBfk) a(dBfk) 

rs(m) ) 
A(m) A(m) 

H„{m) H„{m) 

Mm) ) 

gradientt (s"T) 

SIM1 1 
GAA only 

1 1 
4.55 5 
422 5 

9 9 
0.042 2 

5 5 
0.11 1 

1 1 
7 7 

0.18 8 
2 2 

1 1 

6 6 

55 0.3 

GAA + DHS 
2 2 

2 2 
8 8 

3 3 
0.011 1 

1 1 
0.020 0 

2 2 
8 8 

0.0056 6 
6 6 

0.017 7 
2 2 

0.009 9 
1 1 

6 6 

SIM2 2 
GAA only 

2 2 
6 6 

5 5 
81+9 9 
0.078 8 

9 9 
0.13 3 

1 1 
7 7 

0.26 6 
3 3 

1 1 

8 8 

4 4 

GAA + DHS 
5 5 

5 5 
2 2 
2 2 

0.054 4 
6 6 

0.061 1 
7 7 

3 3 
0.09 9 

0 0 
6 6 

5 5 

2 2 

EXP P 
GAA only 

2 2 
7 7 

5 5 
8 8 

0.10 0 
1 1 

0.13 3 
1 1 

7 7 
0.22 2 

2 2 
1 1 

7 7 

4 4 

GAA + DHS 
100 1 
8.11 9 
711 8 
1688 9 
0.065 5 

7 7 
0.070 0 

8 8 
5 5 

0.1 1 
2 2 

8 8 

5 5 

3 3 

Figuree 8 shows the standard deviations (and their statistical errors) of the SIM1, SIM2 and 
EXPP inversion results. In order to facilitate inter-parameter comparisons, here the standard 
deviationss are normalized by dividing by the search bounds applied in the GA. The upper plot 
showss the standard deviations of the inversion results obtained by GA only1, whereas the 
lowerr plot shows the effect of the additional application of DHS. The standard deviations on 
hsed,hsed, C2,sed and Cb are not shown, since these parameters estimates are highly uncertain: the 
applicationn of DHS actually degrades the accuracy for these parameters. Also array til t is not 
shown,, since the tilt is known to vary deterministically with time for the experimental data 
(seee Fig. 18 of (Snellen1)). In (Snellen1) it was concluded, based on the results shown in the 
upperr plot of Fig. 8, that oceanographic variability and errors due to the method could 
completelyy explain the uncertainty in the parameter estimates. From the lower plot it is seen 
thatt by applying DHS after GA, the influence of the optimization method on the uncertainty is 
almostt eliminated. At the same time this reveals a gap between the SIM2 and EXP accuracy 
(seee Section 7.6). 
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Fig.. 8 Standard deviations (normalized by the GA search bounds) of the SIM1, SIM2 and EXP inversion 
results.. The upper plot corresponds to results obtained by GA only1, whereas the lower plot 
correspondss to the application of GA followed by DHS. The error bars indicate the statistical errors 
onn the standard deviations. 
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7.55 Cramer-Rao bound s 

Thee theoretical lower limi t on the parameter uncertainties is assessed by determining the 
Cramer-Raoo bounds (CRB).9,16"18 They are determined by the amount of noise in the data and 
thee sensitivity of the propagation to each of the parameters. Parameters that highly influence 
thee propagation, i.e., those parameters that are well estimated, have a lower susceptibility to 
thee noise (and vice versa). 

Thee Cramer-Rao bounds are calculated from the Fisher information matrix J, the entries of 
whichh are 

JJtjtj=Tr =Tr 
ff -,,_xdK(m)1,_1,_xaK(iii) >l 

K - ( m ) ^ ^ K - , ( m ) --
^^ am1 dm} 

(2) ) 

withh m the vector containing the unknown parameters, K(m) the covariance matrix of the 
receivedd signal, i.e., signal and noise, and 7> denoting the trace of the matrix. The mean 
squaree errors or parameter uncertainties are bounded from below by the diagonal terms of the 
inversee of J, i.e., considering the uncertainty for the /*  parameter a,, the following relation 
applies s 

«^M **  (3) 

Thee covariance matrix K consists of both a noise and a signal contribution: 

K(m)) = K„(m) + K,(m) (4) 

withh K„  the noise covariance matrix, and K5 the signal covariance matrix, which both depend 
onm. . 

Ann approach for calculating the CRB would be to use the real measured data for K, which 
containss both the signal and noise contribution. Acoustic models must then be used for 

calculatingg the partial derivatives ~—1—— and —r2 . However, the difficulty of this 
dm.. ami 

approachh is that the parameter set m used in the calculation of the partial derivatives consists 
off  estimates for the true ocean environmental parameters, whereas K as obtained from the 
measurementss corresponds to the true ocean environmental parameters. Consequently, the 
partiall  derivatives are determined for a parameter set m that wil l in practice differ from the 
parameterr set that corresponds to K. Since there is no way to interpret these results, a different 
approachh is selected as described below. 

First,, the total covariance matrix is normalized by Tr(Ks) 

KK  = - £ * - + — ^ - (5) 
7>(K.)) SNRTr(K„) 

wheree the signal-to-noise ratio SNR is given by 
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SNR-Z3L1SNR-Z3L1 (6) 
7>(K„) ) 

whichh equals the averaged intensity SNR at the hydrophone level. 
Thee signal covariance matrix K^ is determined theoretically according to 

K i (m)) = p£.o/;(m)Ptfl/£.(m) (7) 

withh pcaic a row vector containing the calculated acoustic pressures for parameter set m 
calculatedd by the normal-mode model. 

NoiseNoise is known to originate from several distinct mechanisms, i.e., surface-generated 
ambientt noise, discrete interfering sources, and, equipment noise. Since dedicated noise 
experimentss were also carried out, we have used this measured noise for determining K„ : 

K„„  =< P„*P„  > (8) 

withh p„  the measured pressure field containing noise only, and <> indicating the mean. Since 
thee noise conditions varied with time, noise recorded at relevant times during the experiment 
iss considered. 

AA problem when using measured noise data for determining K„  is that its partial 
,, • , ™ 3K„(m) ., . dK(m) , , 
derivativess are unknown. The —z~- -contribution to ——̂—- is assessed through 

amamii dm, 
simulationss using an ambient noise model based on normal modes.9 It is found that including 
dKn(m) ) 

dm, dm, 
inn Eq. (2) results in a small reduction of the CRB. We neglect the noise contribution 

too ——-—-, and keep in mind that the real CRB are somewhat lower. 
dm, dm, 

Sincee there are no analytical expressions for , these are calculated numerically. 
dm, dm, 

Appropriatee values for the derivatives were obtained by subsequently decreasing the 
incrementss dm,, which assures the CRB to stabilize. 

Equationn (2) is the CRB for a single frequency, for which we select 400 Hz. 
Forr determining the SNR in Eq. (5) we have to account for the fact mat during the 2-km 

experimentt the noise level varied significantly with time due to the presence of INS Ciclope, 
whichh was sailing back and forth along the acoustic track. The SNR was estimated from 41 
noisee data snapshots that were recorded at times close to the 41 data snapshots used for the 
EXPP inversions. The resulting SNR is plotted in Fig. 9 together with the distance of the INS 
CiclopeCiclope to the VA. The strong correlation between SNR and distance shows that noise 
radiatedd by INS Ciclope dominates, i.e., the interfering noise is originating from a discrete 
source.. Note that the SNR always exceeds ~103 (> 30 dB). 



149 9 

166 18 
UTCC time (h) 

Fig.. 9 SNR for 400 Hz, and distance of INS Ciclope from the VA. 

Thee influence of INS Ciclope on the noise signal can also be observed from the noise 
covariancee matrices. These are shown in Fig. 10 for INS Ciclope 'far away' from the VA 
(distancee ~7 km), and INS Ciclope very close to the VA (distance few 100 m), respectively. 
Alsoo presented in this figure are noise covariance matrices for a single interfering noise 
sourcee and for sea surface noise. The latter is calculated using the above-mentioned ambient 
noisee model. The structure of the measured covariance matrices strongly resembles that of the 
discretee noise source instead of that of the 'sheet' noise source (i.e., the sea surface). 

measuredd noise (Ciclope far away) measuredd noise (Ciclope close) 
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Fig.. 10 Top panels: Absolute values of measured noise covariance matrices (at 400 Hz) for INS Ciclope 
'farr away' (distance to VA 7 km) and 'close by' (distance to VA few 100 m). Lower panels: Absolute 
valuess of modeled noise covariance matrices (at 400 Hz) for a discrete interfering noise source and 
forr sea surface noise (i.e., a 'sheet' source). 
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Figuree 11 shows the resulting CRB for the highest and the lowest SNR encountered. For 
comparison,, also the parameter uncertainty corresponding to EXP inversions using 400-Hz 
dataa only are shown, together with the standard deviations corresponding to the inversions 
usingg the four frequencies. These are somewhat lower than those corresponding to the 400-Hz 
inversions.. The CRB are far below (~ 2 orders of magnitude) the uncertainty in the parameter 
estimates,, and therefore the theoretical lower limit on the parameter uncertainties is by far not 
reached.. The similarity in shape between the uncertainties in the inversion results and in the 
CRB,, however, demonstrates the value of the CRB calculations. 

-- 400 Hz results 

resultss using 4 frequencies 

Fig.. 11 Left plot: Cramer-Rao bounds for 400 Hz (shaded area). For comparison the right plot shows the 
standardd deviations of the corresponding single-frequency inversion results as a solid line. The 
dashedd line indicates the parameter uncertainty of the multi-frequency inversions (i.e., the EXP 
inversions).. Note that contrary to Fig. 8, no normalization is applied to the parameter uncertainty. 

7.6 6 Conclusions s 

Inn this paper we present an assessment of the uncertainty of the parameter estimates obtained 
throughh matched field inversion of real acoustic data. In (Snellen1), we discussed matched 
fieldfield inversion results obtained by applying a genetic algorithm as a global optimization 
method.. In (Snellen1) it was argued that the parameter uncertainty originates from the 
imperfectt optimization method, oceanographic variability, and noise in the data. In the current 
paperr it is definitely shown that through the additional application of the downhill simplex 
methodd as a local optimization method, the parameter uncertainty is reduced considerably. 
Figuree 8 shows that the residual parameter uncertainty due to the imperfect optimization 
methodd alone (SIM1) is negligible. 

Thee observed parameter uncertainty of the multi-frequency EXP inversions can largely be 
explainedd by oceanographic variability (SIM2 inversions, see Fig. 8), although a gap between 
thee EXP and SIM2 accuracy exists. Although the SNR was found to be high, noise is a 
possiblee contributor to the parameter uncertainty. Another possible explanation for the gap 
betweenn the EXP and SIM2 parameter uncertainty can lie in the simplification of the 
environmentall  parameterization, particularly with regard to the geo-acoustic model of the sea 
floor.floor. Other possible sources of temporal variability that can contribute to the parameter 
uncertainty,, and that are not modeled, include sea surface wave interaction, internal wave 
interactions,, the spatial variability in the water column sound speed and tidal effects. 
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