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Chapterr 3 

Single-frequencyy and multi-frequency matched field 

inversionn using a genetic algorithm 

3.11 Introductio n 

Duringg the last years, matched field processing (MFP) has become an important research 
topicc in underwater acoustics since it is a promising method for both source localization and 
forr determining parameters of the ocean environment. 

Whenn applying MFP for source localization, a pressure field, measured using an array of 
hydrophones,, is correlated with pressure fields that are calculated for different ranges and 
depthss of the source using an appropriate propagation model. The source range and depth 
combinationn that results in the highest correlation should correspond to the true range and 
depthh of the source. 

Oftenn many of the environmental, and also geometrical input parameters, are not known 
veryy accurately or are not known at all, prohibiting a successful source location estimation. 
Thiss problem is referred to as mismatch. (Collins1) describes the so-called focalization-
approach.. In this approach not only the source position, but also the environmental and 
geometricall  parameters are the unknowns that have to be determined. In this way the problem 
hass become an optimization problem where the function that has to be optimized, i.e., the 
correlationn between measured and modeled pressure field, depends on many variables. In 
addition,, this function can have local minima. Finding the global optimum of a function of 
manyy variables requires the use of global optimization methods, such as simulated annealing 
(SA)) and genetic algorithms (GA). This process of finding values for that set of unknown 
parameterss that provides the maximum correlation is denoted by matched field inversion 
(MFI). . 

Inn (Simons2) MFI results obtained using SA are presented for real experimental data 
(shalloww water). (Gerstoft3) presents the use of genetic algorithms for MFI. When comparing 
thesee results with results obtained with SA, GA showed better performance. For other 
comparisonss the author refers to (Davis4)-(Stoffa7), where the use of GA and SA for 
geophysicall  applications is described, generally favoring the GA. It is mentioned in 
(Gerstoft3)) that one reason for this better performance of the genetic algorithm is the fact that 
whenn using SA all parameters are altered separately. However, in inversion problems there 
oftenn is a parameter hierarchy, i.e., some parameters are more important than others and hence 
thee least important parameters cannot be determined until the most important parameters are 
closee to their correct values. Consequently there will be a lot of ineffective alternations to the 
parameterr value combinations at the start of the optimization process, and therefore a lot of 
ineffectivee calculations. This drawback can be overcome by using adaptive simulated 
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annealing,, where the importance of each parameter during the course of the run is determined 
andd used for directing the search for new parameter value combinations.8 

Geneticc algorithms, however, automatically show adaptive behavior. When using genetic 
algorithmss all parameters are changed simultaneously. By favoring the most promising 
parameterr value combinations at all stages of the optimization process, first the most 
importantt parameters will converge to their correct values, followed by a search for the values 
off  the less important parameters. 

Anotherr drawback of changing the parameters separately is that it might be difficult to find 
thee optimum for problems in which the parameters are very dependent on each other. In 
(Collinss ) an efficient SA algorithm that can overcome this problem is described. 

Inn this chapter the SA and GA performance in finding the global optimum are compared. 
Also,, the use of multiple frequencies is assessed. 

Sectionn 3.2 provides a description of the basic principles behind genetic algorithms. Also 
thee simulated annealing algorithm is described shortly. In Section 3.3 the application of 
geneticc algorithms for matched field inversion is described. An unambiguous a posteriori 
analysiss method is presented (Gerstoft3), and both single- and multi-frequency (Section 3.4) 
resultss are presented. Section 3.5 presents the summary and conclusions 

3.22 The Geneti c algorith m and simulate d annealin g 

3.2.11 Genetic algorithm s 
Geneticc algorithms can be used for the optimization of a function that is dependent on many 
variabless and with many local optima. They were first used by Holland13 in the early 
1970's,, and are based on a direct analogy with those processes in natural populations that are 
essentiall  to the evolution process. The basic principle of a genetic algorithm is explained in 
whatt follows. 

Forr the problem considered, we want to minimize a function that is a measure for the 
differencee between a pressure field obtained from a measurement, and a pressure field that is 
computedd for a certain set of the unknown parameters. This function is called the energy 
function.. The energy function E is normalized such that the fitness q> is given by, (p= l-E, i.e., 
aa low value for the energy function E means a high value for the fitness q>. 

AA genetic algorithm starts with creating an initial population. Each member of this 
populationn represents a certain parameter value combination, i.e., a possible solution to the 
optimizationn problem. This initial population, consisting of q members, is created randomly. 
Thee population size q should be large enough to ensure that the problem space is searched 
thoroughly.. On the other hand, the population size should be small enough to allow for the 
evaluationn of a large number of generations with a limited amount of energy function 
evaluations.. At this stage the members of the population are in their binary encoded form, i.e., 
thee parameter value combinations are represented by a string of zeros and ones. In the 
followingg these strings will be denoted as chromosomes. 

Eachh parameter is represented by a certain part of the chromosome. These parts are called 
genes.. This encoded form of the parameter value combinations is needed when applying 
certainn operators, as will be explained later. The encoding applied here is such that the least 
significantt bit is located at the end of the gene. In the literature also applications of genetic 
algorithmss can be found in which operators are used that can be applied to real numbers, and 
noo use needs to be made of the parameter value combinations in encoded form.11 

Thee next step is to decode the members of the population and to calculate for all members 
off  the population the value of the energy function. Based on these energy function values, a 
parentall  distribution is selected from the initial population in such a way that a higher fitness 
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impliess a larger probability of being selected, thus resulting in a parental distribution with a 
higherr proportion of fit  members. However, at the beginning the selection criterion should not 
bee chosen too strict, as that would force the algorithm to converge to a local minimum. On the 
otherr hand, a criterion that allows nearly all members to reproduce will result in a slow 
convergence. . 

Fromm the members of the parental population a new population, denoted by the children 
population,, is established by applying two operators, viz., crossover and mutation. In order to 
applyy crossover the members of the parental distribution are paired randomly. Crossover 
resultss in the exchange of corresponding chromosome parts between the two chromosomes of 
eachh set of parents. Applying crossover at more than one chromosome location is called 
multiple-pointt crossover. Other ways of applying crossover include single-point crossover, 
wheree there is only one cut-point at the entire chromosome, and uniform crossover, where use 
iss made of a randomly generated string containing zeros and ones, that in some way defines 
wheree exchange of chromosome bits should occur. It is clear that adding additional crossover 
pointss results in a more thorough search of the problem space. On the other hand, an enlarged 
amountt of crossover points also implies a larger probability that good parameter values and 
parameterr value combinations are disrupted. 

Findingg a global optimum using single-point crossover might be difficult in cases where 
theree is a lot of interaction between the different parameters. As this is the case in our problem 
thee use of multiple-point crossover has been selected for our application. Following 
(Gerstoft3)) a crossover point is selected at each gene, i.e., the number of crossover points is 
equall  to the number of parameters for which the optimization is performed. 

Considerr for example the following two genes, representing different values for the same 
parameter: : 

(a0,a„...,a„_,)) and {b0,b^,...,bN_x) 

withh ÜJ and b} = 0,1. The parameter has been encoded using Ambits. 
Applyingg crossover at location / will result in the creation of two different genes: 

(a0v..,ö/_„6 i...,Vi)) and (*ov,i„^v-%, ) 

Crossoverr is applied with a crossover probability pc- Using a value of pc less than one will 
alloww genes to be passed onto the next generation without the disruption of crossover (usually 
0.66 <pc<  10, see (Beasley10)). The crossover point, i.e., the location on the gene at which it 
iss cut, resulting in a gene 'head' segment and a gene 'tail' segment, is selected at random. 

Afterr crossover another operator called mutation is applied to the chromosomes. Mutation 
randomlyy changes each element (bit) of the chromosomes with a mutation probability pm. The 
valuee ofpm is very dependent on the values of other genetic algorithm parameters, such as the 
amountt of bits used for encoding the different parameters (in general pm < 0.1). 

Crossoverr is considered to be a mechanism for rapid exploration of the search space. More 
crossoverr points or a higher crossover probability imply a more thorough search, but also 
moree disruption. Mutation is a process that provides a small amount of random search, thus 
ensuringg that no point in the search space has zero possibility of being explored. However, the 
mutationn rate should not be chosen too high, as then the search becomes effectively random. 
Generallyy it is thought that at the start crossover is the more productive operator, but that as 
thee population converges mutation becomes more and more important. Different researchers 
havee tried to obtain better performance by using crossover and mutation rates that change as 
thee process continues, but the effects of using these kind of operators are not clear yet.10,1 

AA new population is now established by taking at random frq members of the children 
population,, and the (l-fr)q most fit members of the previous population. 
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Howw to chose a value for^ is an important item. Until recently, generational replacement, i.e., 
thee entire population is replaced (fr = 1) has been the standard. The elitist strategy is 
generationall  replacement, but now the best member of a population is copied directly into the 
succeedingg generation12, i.e., the next generation will consist of(q-\) members of the children 
populationn and of the best member of the previous generation. It is clear that even with the 
elitistt strategy many of the best population members might not get the opportunity to 
reproduce.. Also good genes can get lost due to crossover or mutation. A solution to these 
problemss is applying steady state: only a part of the population is replaced. Often this part 
consistss of a few members only.12 In this way the GA is given the opportunity to immediately 
exploitt a promising individual. However, using a small value for fr might promote 
convergencee to a local minimum. In our work two different values for fr have been employed. 

Thee new population is used as the next generation on which the same procedure is applied 
ass described in the previous paragraphs. It is thought that by continuing this process over 
manyy generations, good characteristics will spread throughout the population, while being 
mixedd with other good characteristics, thus exploring the most promising areas of the search 
space.. The amount of generations should be chosen large enough to allow convergence of the 
optimizationn process. 

Tuningg of the genetic algorithm is needed in order to ensure that there is a large probability 
thatt the parameter value combination that is close to the global optimum is present in the final 
population.. Each application requires its own tuning. 

3.2.22 Simulate d annealin g 

Sincee the results obtained with the GA are compared with the results obtained by simulated 
annealingg (SA), the SA algorithm is described briefly here. SA is based on an analogy 
betweenn mathematical optimization problems and the thermodynamic process of slowly 
coolingg a pure liquid substance to form a perfect crystal (annealing), i.e., the lowest energy 
statee of the system. 

Forr explaining how the SA works we will consider the minimization of an energy function 
E.E. First, E is evaluated for the initial parameter combination. Then the individual parameters 
aree randomly perturbed one at a time, according to 

< = m , + £ A,, (1) 

withh £ a random number drawn from a uniform distribution on [-1 1]. At is the maximum 
perturbationn allowed for each parameter W/ (here taken as half of the corresponding search 
interval).. Whenever the new parameter falls outside the search interval, a new value is drawn. 

Afterr each perturbation the energy function is evaluated. A decrease in E is accepted 
unconditionally,, whereas an increase in E is accepted with a probability that is given by the 
Boltzmannn distribution 

withh Tj a control parameter analogous to the temperature. When all parameters have been 
perturbedd a certain number of times (twice in this work), the temperature is slightly reduced 
accordingg to a cooling schedule. A logarithmic cooling has been employed, i.e., 

TJTJ++ I=CJTJI=CJTJ (3) 

Thee cooling factor c/ is a constant < 1, but close to 1. From Eqs. (2) and (3) it is seen that the 
probabilityy of accepting an increase in E decreases as the temperature decreases. The concept 
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off  accepting perturbations that increase E allows the algorithm to escape from local minima. 
Moree details can be found in (Simons2). 

3.33 Applyin g the GA for Matche d Field Inversio n 

3.3.11 The acousti c proble m 
Thee data used in the inversions were obtained during a SACLANT Centre MFP experiment in 
aa virtually range-independent shallow water area, north of the island of Elba (October 1993).15 

Thee water depth amounts to approximately 127 m. The receiving system is a vertical array 
consistingg of 48 hydrophones with 2-m spacing. Due to array tilt and/or imprecise 
measurementt of the water depth, the actual array depth hi is not known exactly and therefore 
hihi has to be determined in the optimization (in accordance with (Gingras15) and (Gerstoft3), dn 
iss defined as the depth of the deepest hydrophone, being nominally 112.7 m). 

Thee source is deployed at a range of 5.5 km from the receiving array at a depth of 75 m. 
Twoo broadband signals were transmitted by the source (not simultaneously). The signal used 
inn our analysis has a frequency band of 160-180 Hz. From the spectrum that is obtained after 
Fourierr transformation of 8.192 seconds of the data, six frequencies around the center of the 
160-1800 Hz band are selected for the analysis, i.e., the Fourier coefficients at: 

164.433 Hz 
166.877 Hz 
168.955 Hz 
171.144 Hz 
172.855 Hz 
174.444 Hz 

Thesee frequencies are such that the differences in the pressure fields at the six frequencies in 
thee 160-180 Hz band are maximal.15 

Thee sound speed profile used for calculating the replica fields is the sound speed profile as 
measuredd at the array site. The profile exhibits a 60-m deep surface duct. 

Itt has already been mentioned that for mismatch conditions the focalization approach has 
too be applied. In this approach, not only the source range and depth, but also other 
environmentall  and geometrical model input parameters are determined in the optimization 
process.. The vector containing the parameters for which the inversion is performed is: 

mm = 

«6 6 

Pt Pt 

CCb b 

rr s s 

KKddnJ nJ withh eXb the attenuation in the bottom, pb the density of the bottom, Cb the compressional 
velocityy in the bottom, rs and zs the range and depth of the source, Hw the water depth and dn 
thee array depth. 
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Figuree 1 shows the assumed ocean environment. In contrast with (Gingras15) the ocean 
bottomm is assumed to consist of a single semi-infinite homogeneous medium only. In fact the 
sedimentt is omitted in this study, since propagation will not be sensitive to sediment 
parameterss when sediment thickness (~5 m) is small compared to the acoustic wavelength (~9 
m).2 2 

Fig.. 1 The ocean environment discussed in this chapter. 

Thee function that is optimized is a function that provides a measure for the difference 
betweenn a measured and a calculated pressure field, i.e., a measure for the difference between 
pp00ttss and pca/c(m). 

Thee following expression for the (complex) pressure on the klt[  hydrophone in the 
frequencyy domain is used2 

WÖ>„.)=Z/*Ü> 2* (*' ' ' 
l)(m-l)/A / / (4) ) 

withh and M the FFT length (8192). This is the complex conjugate of the discrete Fourier 
transformm of ft(tm) at the selected frequency 6V- Here fk{tm) is the received signal time 
sequencee (kx hydrophone). The reason for using the complex conjugate is the assumption of 
timee dependence e'"01 in the calculation of the normal-mode solution.16 

Thee time samples are 

(m-1) ) 

f. f. 
forr m = 1,2,. ..M (5) ) 

wherê ^ is the sample frequency (1 kHz). 
Thee discrete frequencies are 

(m'-l)f (m'-l)f 
(O(Omm.=2n-.=2n- '-^- for m'=l,2,...,M 

M M 

(6) ) 

Thee (complex) pressure calculated for the parameter combination m, at the kth hydrophone 
(att a depth z*) and a source at a range rs and depth zs is given by the normal-mode solution16 

Pcalc,k(Pcalc,k(mmj)j)  = -
e' e' ?2y„(*,)r„(**) -- (7) ) 
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withh \f/„,  k„  and a„  the mode functions, the eigenvalues, and the modal loss coefficients, 
respectively.. L is the number of normal modes. 

3.3.22 Settin g of the GA parameter s 

Twoo different scenarios have been considered. One in which the optimization was performed 
usingg data at a single frequency (168.95 Hz), and one in which the inversion was performed 
usingg data at all six frequencies mentioned in Section 3.3.1. A well-known measure for the 
differencee between calculated pressure field pCfl/c, and measured pressure field p0ts is the 
linear,, or Bartlett, processor. We have applied an energy function based on this Bartlett 
processor,, viz., 

£(m7)) = l-JP//fl (mJ) (8) ) 

withh Pij„  the Bartlett processor, or 

£(m7)) = l -
Pofaa 'Pcalc ( m , ) 

\Pobs\\\Pobs\\ WcalAmj 

(9) ) 

Thee * means that use is made of the complex conjugate transposed. The calculated pressure 
fieldfield is obtained for the parameter vector m,-. 

Inn (Gerstoft3) using another form for the energy function is recommended, as this function 
iss less peaked 

£(m,)== 1 -
(m,) ) 

Pca/c(m ; ; 

(10) ) 

Inn the single-frequency scenario we have performed the optimization with the GA using these 
twoo different energy functions, viz., the expressions of Eqs. (9) and (10). For the cases where 
usee was made of all six frequencies we have selected the following energy function 

£(m,)) = l--L£ 
ff  ' . |2 "\ 

P«fcr,*"P«MM  (mA 
III  I I 2 II < "2 

\\Pobs,k\\\\Pobs,k\\ pcatcAmj 

(11) ) 

Thiss is the incoherent multi-frequency Bartlett processor {K is the number of frequencies, 6 in 
ourr case). 

Ass explained in Section 3.2.1 members for the parental distribution are selected according 
too their fitness (l-E). The probability Pj for the member m7to be selected is taken as in 
(Gerstoft3) ) 

PJPJ = 
e x p ( ^) ) 

2>p( )̂ ) 
(12) ) 
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withh T a factor called the temperature. Following (Gerstoft3) the temperature is chosen equal 
too the lowest value of the energy function found in the entire current population. This choice 
resultss in a flat distribution at the beginning, but as the optimization process continues the 
temperaturee will decrease, resulting in a more peaked probability distribution and therefore 
moree emphasis will be put on the most fit  members at a later stage. 

Forr the remaining genetic algorithm parameters the following values have been used. Most 
valuess have been taken equal to those used in (Gerstoft3) (here denoted by *) 

 The population size q: 64* 
 The number of generations: 400 

 The crossover rate pc: 0.8* 

 The mutation rate pm: 0.05* 

 The fraction of the population of children that is put in the next generation, fr: 
0.5*,, 0.8 

 Number of bits used for encoding the parameter values: 
[88888 888]*, [77 8 11 10 7 7] 

3.44 Result s 

Tablee I gives the search bounds for all parameters for which the optimization is performed 
(seee Chapter 2 for the typical range of values encountered). 

Tablee I Boundaries for the parameters that are optimized. 

m, , 
Pt,Pt, (g/cm3) 
at,at, (dB/A.) 
COO (m/s) 
rrss(m) (m) 
M m ) ) 
H„(m) H„(m) 
cMm) ) 

Lowerr bound 

1.2 2 
0.0 0 
1550 0 
100 100 
1 1 
125 5 
110 110 

Upperr bound 

3.2 2 
1.0 0 
1750 0 
11000 0 
120 120 
135 5 
114 4 

Thee optimization has been performed for the genetic algorithm parameter settings given in 
Tablee II. For each setting the GA has been run 50 times. 

Tablee 11 The different GA settings. 

Settingl l 

Setting2 2 

Setting3 3 

Setting4 4 

Settings s 

q q 

64 4 

64 4 

64 4 

64 4 

64 4 

Pc Pc 

0.8 8 

0.8 8 

0.8 8 

0.8 8 

0.8 8 

Pm Pm 

0.05 5 

0.05 5 

0.05 5 

0.05 5 

0.05 5 

f f 
0.5 5 

0.5 5 

0.8 8 

0.5 5 

0.5 5 

Bits s 

[ 8 8 8 8 8 8 8 ] ] 

[ 7 7 8 1 11 1077 ] 

[77 7 8 11 10 7 7] 

[77 7 8 11 10 7 7] 

[77 7 8 11 10 7 7] 

Numberr of 
frequenciess (K) 
1 1 

1 1 

1 1 

1 1 

6 6 

E E 

V i - ^ ^ 

V 1 - ^ ^ 
V 1 - ^ ^ 
1-3* * 

II A 

Figuress 2 and 3 show the results for a typical run. In Fig. 2 the value for the energy function, 
(11 - P\in), of the most fit member of a population, i.e., the lowest (1 - ƒ),„) value found for a 
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generation,, is displayed as a function of generation. Figure 3 shows the corresponding 
parameterr values. 

10" " 

CÖ10"1 1 

c c 
0) ) 

10" " 
1000 200 300 

generation n 
400 0 

Fig.. 2 Convergence of energy (1 - Pjfn) of most fit chromosome as a function of generation. 
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^^ 10 

:*.. 6 
>_MM 2 

135 5 

II  •=• 130 

X ' l 2 5 . . 
0 0 200 0 

generation n 
400 0 

2000 400 
generation n 

Fig.. 3 Convergence of the different parameters, belonging to the most fit chromosome. 

3.4.11 Single-frequency results 

3.4.1.11 Performance of the Genetic Algorithm 
First,, results obtained using a single frequency (168.95 Hz, settingl-setting4, see Table II) are 
considered.. In order to get an indication for how good the genetic algorithm performs for the 
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differentt settings, and to be able to compare the results to those obtained using simulated 
annealingg the following questions are posed: 

•• How often has the algorithm converged to a parameter value combination with a value of 
rr ss around 5.4 km, and a value of zs around 75 m within say 7000 calls of the forward 
model?? This provides the percentage of converged runs, i.e., the success rate. 

•• What is the speed of convergence to these parameter value combinations, i.e., how many 
replicaa field calculations are needed? 

Thee results can be found in Table III. Results obtained using SA, are displayed in the last 
row.. These results were obtained using the same energy function as for setting4. Since only a 
finitee amount of runs is considered, also the uncertainties on the results should be taken into 
accountt when comparing the performance for different settings. The situation considered here, 
comprisingg a set of independent events, each with a certain probability on success, typically 
correspondss to a binomial distribution. Then, denoting the amount of converged runs by Nc, 
thee fraction of the total amount of runs (Nr) that has converged by fc, and assuming this 
fractionn to be the probability on convergence, the standard deviation of the amount of 
convergedd runs, oN , is 

^^ NcNc=^[IÖ=^[IÖ ZZ7J^7J^ (13) 

Assumingg statistically independent observations, the uncertainty (or error) on the mean and 
thee uncertainty (or error) on the standard deviation can be determined by 

withh A? and a the mean and standard deviation, respectively, of the amount of replica field 
calculationss needed for convergence, and C- and oa the corresponding uncertainties. 

Tablee III Means Mand standard deviations a of the amount of replica field calculations needed for 
convergence,, and the percentage of converged runs (GA and SA). Convergence must occur within 
70000 calls for the forward model. 

Settingl l 
Setting2 2 
Setting3 3 
Setting4 4 
SA A 

M M 

868 8 
767 7 
1054 4 
747 7 
953 3 

* B B 
117 7 
124 4 
150 0 
165 5 
124 4 

a a 

732 2 
843 3 
992 2 
951 1 
849 9 

<*o <*o 

83 3 
88 8 
106 6 
117 7 
88 8 

Percentagee converged {%) 

6 6 
4 4 
5 5 
7 7 
5 5 

Itt follows that about 70/90% of all GA runs converge to the correct source range and 
sourcee depth. The percentage of converged runs is significantly less, viz., about 50 %, when 
usee is made of SA. Use can be made of a slower cooling law for increasing the percentage of 
convergedd SA runs. However, this will also result in an increased M. 
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Figuree 4 shows the histograms of the number of calls for the forward model needed for 
convergencee for the situation of setting2 and for the situation where simulated annealing was 
usedd for the optimization, respectively. It is seen that in most cases convergence occurs 
somewheree between 0 and -1500 calls for the forward model. 

10 0 

LUft t 
Geneticc Algorithm 
(setting2) ) 

J I L L H H n n 
10000 200 0 300 0 400 0 500 0 6000 0 

Fig.. 4 

00 1000 2000 3000 4000 5000 6000 
Numberr of replica field calculations needed for convergence 

Histogramss of the number of calls for the forward model needed for convergence, both for the GA 
withh setting2, and for SA. 

Usingg 8 bits for the discretization in range results in range increments of 43 meters. This is 
off the same order of magnitude as the standard deviation in range obtained in (Gerstoft3). 
Usingg 11 bits for the discretization in range results in range increments of 5 meters, which is a 
sufficientt sampling of the expected range probability distribution. Similarly 8 bits for the 
discretizationn in source depth is insufficient. Therefore, we will not further consider the 
resultss obtained for setting 1. 

Itt follows that changing the value of/, from 0.5 to 0.8 results in an increase of M (setting2 
andd setting3). In the situation with/- = 0.5, 50% of a current population is directly passed onto 
thee next generation. In the situation with fr = 0.8, only 20% of a current population is passed 
directlyy onto the next generation (so 80% of this next generation consists of new parameter 
valuee combinations). Consequently, there is a lot more disruption in the situation with/. = 0.8, 
resultingg in a higher probability on good parameter values and good parameter value 
combinationss being disrupted. This explains the higher value for M. Trying to enlarge the 
successs rate often is the reason for using a high value for/.. However, the differences we 
observedd in the success rates for the GA with setting2 and for the GA with setting3, 
respectively,, are not statistically significant. Comparing the results for setting2 and setting4 
showss a lower percentage of converged runs for setting4. This is due to the use of a more 
peakedd energy function. The amount of forward calculations needed for convergence is not 
statisticallyy significant smaller. 

3.4.1.22 A posteriori analysis 
Inn Section 3.4.1.1 results of a single run have been shown and the different success rates and 
ratess of convergence have been determined. In the following we will take a closer look at the 
parameterr estimates. 
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Fig.. 5 Values for (1-P/m) plotted against the different parameters, GA, single-frequency results. 

Figuree 5 shows the values for l-F/,„ plotted against the different parameter values. The 
locall minima in the range-depth ambiguity surface can easily be identified in the plot of 1-
PiPimm against the range rs. Figure 6 zooms in onto the lowest 1 -Pu„  values. The parameter value 
combinationss with a sub-bottom density greater than 2.6 are indicated by circles. In fact, 
densitiess greater than -2.6 are not physically realistic for the type of bottom considered (cj < 
17500 m/s). 
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Fig.. 6 (1-P/m) plotted against the different parameters, obtained using the GA (single-frequency results). 
Thee parameter value combinations with a pb > 2.6 are marked by circles. 

Fromm the set of parameter value combinations consisting of all members of all final 
populationss (of the runs with GA setting2) estimates for the unknown parameters can be 
derived,, i.e., an estimation for the solution of the inverse problem. As the goal is to examine 
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thee area around the global optimum, only parameter value combinations with values for the 
rangee in between 4.0 and 6.0 km are accounted for. According to (Gerstoft3) for each 
particularr parametermi (/ = 1, ..., 7) the probability distribution for obtaining the particular 
valuee K is determined 

f>xp[ - ( l - ^m, ) ) / r ]<? ( ( in , ) ; =tc ) ) 

 £ (15) 
£exp[-(l-JP/(n(iii,))/r ] ] 
j=l j=l 

Heree NT is the total number of parameter value combinations found in all final populations 
(NT(NT = 64*50 = 3200), m, is the/11 parameter combination, and T' is a temperature parameter. 
Alll samples are weighted according to a Boltzmann distribution, similarly to the weighting 
performedd during the optimization. Choosing the temperature equal to the lowest energy will 
favorr the fittest part of the population. Choosing the temperature equal to the energy of the 
leastt fit corresponds to a more even weighting of the population. In (Gerstoft3) this 
temperaturee is taken equal to the average energy function value of the 50 best members. Since 
theree is only a limited amount of SA runs (the non-converged SA runs do not meet the 
restrictionn mat the range should be in between 4.0 and 6.0 km), we used a temperature equal 
too the lowest of all values found for (1 -Pn„)  in all final populations. However, using for the 
GAA results the average energy of the 50 best members did not result in a significant change, 
sincee a large part of the population has converged to the same result. Following the method 
describedd in (Gerstoft ) we determined the following a posteriori mean and covariance of the 
modell parameters, ̂ (m) and C(m), respectively. 

Am)) = 2 m / r ( m , ) (16) 

withh o(mj) the probability for they'th parameter combination 

ff{m)=ff{m)= PI_V >» ( 1 ? ) 

Xexp[-( l -P / ( n (m y ) ) / r ] ] 
7=1 1 

C(m)) = E\m - A(m)lm - A(m)]T }= 

NNTT (18) 
II  m (mjY a(mj)-A(m)A(mY 

withh superscript Tthe transpose operator. 
Inn Table IV the means and standard deviations found for of the parameter estimates 

obtainedd by the GA with setting2 are presented (the means and standard deviations found for 
thee situations of setting3 and setting4 are almost equal to those of setting2). Also the means 
andd standard deviations obtained by the SA runs can be found. 



50 0 

Tablee IV Means (second column) and standard deviations (third column) of the different parameter values 
obtainedd in the final populations (GA setting2). For comparison the means (fourth column) and 
standardd deviations (fifth column) of the final parameter values obtained with SA are also given. 

T T 

Pt Pt 

«* * 

c„ c„ 
rr s s 

zzs s 

HHw w 

ddR R 

GA,, setting2 
0.037 7 

6 6 

3 3 

8 8 

6 6 

0 0 

129.4+0.018 8 

2 2 

0.3O+O.004 4 

2 2 

9.510.13 3 

8 8 

7 7 

0.97+0.013 3 

9 9 

SA A 
0.038 8 

5 5 

1 1 

1579+2.50 0 

5402+10.1 1 

1 1 

129.210.188 8 

1 1 

9 9 

2 2 

7 7 

3 3 

6 6 

1.29+0.133 3 

0.76+0.079 9 

Itt is clear that the mean parameter values obtained with GA are in good agreement with the 
meann parameter values obtained with SA. However, using the SA algorithm results in 
somewhatt higher standard deviations than those obtained when using a genetic algorithm. 
Notee also that the errors on the means and standard deviations are much smaller for the GA 
resultss than for the SA results. The reason for this is that there are much more GA results, 
sincee each GA run provides 64 parameter sets. 

Figuress 7 and 8 show the probability distributions obtained for the runs with setting2 and 
thee SA runs, respectively, calculated according to Eq. (15). 
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Fig.. 7 Probability distributions for the GA results with setting2. 
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Fig.. 8 Probability distributions for the SA results. 

Inn Figs. 9 and 10 all parameters are displayed as a function of one of the other parameters. 
Thee parameter value combinations displayed in these figures are the parameter value 
combinationss as they were obtained in the simulated annealing optimization runs (converged 
runs).. Therefore, all parameter combinations have low, but not equal, energy function values. 
Thee figures clearly show that some parameters are strongly coupled, e.g. r„  to Hw, and c* to 
Ob-Ob- This latter relation states the adverse effects on the bottom loss resulting from an increase 
inn Cb and in 05,, respectively. 

Ass already mentioned, strong parameter coupling can cause difficulties when looking for 
thee global optimum. In our application of the genetic algorithm this problem has been avoided 
byy using multiple crossover points, i.e., a crossover point at each gene. Probably this feature is 
aa reason for the better performance of the genetic algorithm compared to the performance of 
thee simulated annealing algorithm. 
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Fig.. 9 Parameterss displayed versus the other parameters. 
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Fig.. 10 Parameters displayed versus other parameters. 

3.4.22 Multi-frequency results 
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3.4.2.11 Multi-frequency optimization 
Inversionss have also been performed using six frequencies, all in the 160-180 Hz band (see 
Sectionn 3.3.1). Setting5 in Table II specifies the values for the different genetic algorithm 
parameters.. The expression for the energy function is given by Eq. (11). 

Thee percentage of converged runs for this setting is . The mean amount of replica 
fieldfield calculations needed for convergence, M, is 627, with a standard deviation of 845. a 
iss 127, and aa amounts to 90. Compared to the single-frequency results (Tables III and IV), 
usingg the genetic algorithm with setting5 (6 frequencies) seems to result in a better 
performance,, i.e., a larger percentage of converged runs and less replica field calculations 
neededd for convergence. Using multiple frequencies instead of a single frequency results in a 
differentt energy surface, i.e., a different function for which the optimization is performed. The 
betterr performance is probably because the minimum of the energy function corresponding to 
thee multiple-frequency case is easier to locate. 

Figuree 11 shows for the different frequencies the measured pressure fields and the 
calculatedd pressure fields. The calculated pressure fields belong to a solution of the 
optimizationn problem that gave a low value for the energy function. 
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Fig.. 11 Measured pressure fields (solid) and calculated pressure fields (dashed) for the different 
frequencies. . 

Figuree 12 shows the plots in which the values for the energy function are plotted against 
11 K 

thee different parameter values. Figure 13 zooms in on the lowest (1 jT Phnk) values. 
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Fig.. 13 Energy ( 1 - - 2 X versuss the different parameters; GA, multi-frequency results. The 

parameterr value combinations with a pb > 2.6 are marked indicated by circles. 

Comparingg Figs. 12 and 5 clearly shows that using multiple frequencies results in a 
somewhatt higher value for the lowest energy function value found. This is due to the fact that 
inn the multi-frequency case the parameter value combination found to give the lowest energy 
functionn value is some kind of compromise between different parameter value combinations 
thatt belong to the optimum for a single frequency. From the figures it can also be seen that the 
usee of multiple frequencies considerably increases the energy in the local minima of the 
range/depthh ambiguity surface. In addition, the local minimum around the unrealistic high 
compressionall wave speeds with values around 1650 m/s disappears. 

Comparingg Figs. 13 and 6 reveals an important difference in the energy surfaces at one and 
att six frequencies, respectively: Parameter combinations with non-realistic high values for the 
densityy (> 2.6) disappear from the global minimum when use is made of six frequencies. 

3.4.2.22 A posteriori analysis 
Againn expressions (15) to (18) are used to determine the mean and covariance of the different 

11 K 

parameters.. Instead of (1 - ƒ>/,„) now use is made of (1 £ Plin k ). The results are listed 
KK k=\ 

inn Table V. 
Comparingg the single-frequency GA results to the multi-frequency GA results (Table V) 

showss a shift of ah and ph towards (more realistic) lower values for these parameters. Also 
thee standard deviation in the compressional wave speed is much smaller in the multi-
frequencyy case. This is a result of the (already mentioned) disappearance of a local minimum. 
Thee decrease in standard deviation when using multiple frequencies instead of a single 
frequencyy is seen for all parameters, except for the source/receiver range zs. 
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Tablee V Means and standard deviations of the different parameters, calculated using a genetic algorithm. 

Resultss for setting2 (6 frequencies) and setting2 (single frequency). 
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8 8 
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Figuree 14 shows the probability distributions obtained for the genetic algorithm with 
setting5. . 
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Fig.. 14 Probability distributions forthe results of GA setting5 (multi-frequency results). 
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3.55 Summar y and conclusion s 

AA genetic algorithm (GA) is applied to the matched field inversion (MFI) problem of geo-
acousticc and geometric parameter estimation using real acoustic data. The GA is capable of 
findingg solutions close to the global optimum, i.e., one obtains parameter values for which the 
modeledd pressure field optimally matches the measured field. The performances for different 
settingss of the GA are compared, resulting in a more or less optimal setting of the algorithm. 
(AA further assessment of the effect of the GA setting on the GA performance is presented in 
Appendixx C, where use is made of a computationally inexpensive function, which allows for 
performingg a large amount of runs for an extensive number of GA settings). The solutions 
obtainedd when using the GA are in excellent agreement with those obtained when using 
simulatedd annealing (SA) being another global optimization method applied in MFI. 

AA comparison of the performances of the two global optimization methods indicates a 
betterr performance of the GA: The performance of the GA (in its optimal setting) with respect 
too success rate and speed of convergence is significantly better than that of SA. 

Anotherr advantage is that GAs do not return a single solution, but a set of possible 
solutionss (close to the global optimum). Therefore, only one GA run is needed in order to get 
ann indication on the acoustical importances of the different unknown parameters (and hence 
thee accuracy with which these parameters can be determined). When using SA this essential 
informationn can only be obtained after a large number of independent runs (requiring more 
computationn time). 

AA second MFI research item described in this chapter is the performance of multi-
frequencyy inversion. Compared to inversion at a single frequency, employing multiple 
frequenciess in the inversion results in more accurate and (for some parameters) more 
physicallyy realistic estimates. This is due to the additional constraints imposed when matching 
modeledd and measured pressure fields at several frequencies. 
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