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ABSTRACT

The SASW method aims to determine the small strain dynaniliclsaracteristics of shallow soil layers.
The method involves an in situ experiment, the determinadioan experimental dispersion curve and
the solution of an inverse problem, formulated as a noraliteast squares problem. The latter is usually
solved with a gradient based local optimization method cWigionverges fast, but does not guarantee to
find the global minimum of the objective function. The metlwddCoupled Local Minimizers combines
the advantage of gradient based local algorithms with tbbajlapproach of genetic algorithms. A
cooperative search mechanism is set up by performing samedtusly a number of local optimization
runs, that are coupled by pairs of synchronization congsai

A synthetic example demonstrates that the CLM method sudsceefinding the global minimum of
an objective function with multiple minima and can be useccessfully to solve the inverse problem
in the SASW method. This is further illustrated by a secondneple, where the method is applied
on experimental data obtained on a test site near the higdddp&n track in Lincent (Belgium). The
obtained results show good agreement with the resultsraataiith other experimental techniques, as
the Seismic Cone Penetration Test.

Keywords: Dynamic soil characteristics, SASW method,oation algorithms, Coupled Local Min-
imizers.

INTRODUCTION

The Spectral Analysis of Surface Waves (SASW) method is aimasive geophysical prospection
method to determine the dynamic soil characteristics (ayoahear modulus and material damping
ratio) of shallow soil layers and is based on the dispershagacteristics of surface waves in a layered
medium (Nazarian & Desai, 1993; Yuan & Nazarian, 1993). Thaethod is well developed for the
determination of the shear strain modulus, and has recbeetiy applied to the determination of the
material damping ratio (Rix, et al., 2000; Lai, et al., 2002)

The SASW method consists of three steps. The first step ies@n in situ experiment where vibrations
are generated at the soil’s surface using a falling weighinstrumented impact hammer or a hydraulic
shaker and measured with geophones or accelerometers ugigtaace from the source of typically
50 m. A common source-receiver configuration is most ofterdudt is assumed that the response at
sufficiently large distance from the source is dominatedibgeatsive surface waves. In the second step,
an experimental dispersion curve is determined from thporese at the surface. An inverse problem
is finally formulated as an optimization problem where thgotive function is defined as the squared
difference between the experimental and a computed thealrdispersion curve. The latter corresponds
to the first mode of a layered halfspace or a combination ofiptelmodes in the case of large stiffness
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contrasts and/or inverse layering where stiff layers agetnin by softer layers (O’Neill & Matsuoka,
2005).

The (constrained) optimization problem is usually solveithva gradient based local optimization
method, by iteratively changing the layer thicknesses dastie characteristics of a layered soil pro-
file. Local optimization methods, as the Gauss-Newton ntkthonverge fast, but do not guarantee to
find the global minimum of the objective function. Global iopization methods as genetic algorithms
(Holland, 1975; Pezeshk & Zarrabi, 2005) and simulated alimg (Kirkpatrick, et al., 1983; Beaty,
et al., 2002) are more robust and more likely to detect thiajlminimum. Their main drawback, how-
ever, is that they require a large number of function evadnatsince they are based on probabilistic
searching without the use of gradient information.

The method of Coupled Local Minimizers (CLM) offers a vallehblternative as it combines the ad-
vantage of the local gradient based algorithms (relatifety convergence) with the global approach of
genetic algorithms (parallel strategy and informationtexwye). The CLM method has been originally
conceived by Suykens, et al. (2001) and Suykens & Vande2(le2) and was implemented with first
order search methods, that use first order derivatives.eladhtext of finite element model updating and
structural health monitoring, Teughels (2003) and Tewghet al. (2003) have implemented the CLM
method to solve global optimization problems with multipdeal minima as an iterative optimization
method that generates discrete steps in the design spaeadrs continuous time variations of the de-
sign variables. A cooperative search mechanism is set upfbgrming simultaneously a number of local
optimization runs, that are coupled by pairs of synchrdivmaconstraints. The global search process
is directed by the gradients in each search point. Moredlersecond order Newton based algorithm
accelerates the convergence speed considerably and vasigafale effect on the convergence (Teughels
et al., 2003). The CLM method implemented in this way is esdgoconvenient for the solution of low
dimensional optimization problems.

The SASW method is briefly reviewed, with emphasis on the defimof the inverse problem. The
CLM method is introduced next and is developed in a way thatbgaused for the current optimization
problem. A synthetic example demonstrates that gradiesgbocal optimization methods may con-
verge to a local minimum of the objective function, wherdas€LM method successfully converges to
the global minimum of the objective function. Additionalmments are made on the proper definition
of the inverse problem. Finally, the CLM method is employedi¢termine the soil profile of a site in
Lincent (Belgium); results are compared with results otgdiwith the Seismic Cone Penetration Test
(SCPT).

INVERSE MODELING IN THE SASW METHOD

In the SASW method, an inverse problem is formulated as alinear least squares problem. The
objective functionf (x) is defined as:

F = 5rTr () )

where each element(x) (i =1, ..., m) of them-dimensional residual vectofx) is a smooth non-linear
function of then-dimensional vectox with soil parameters;; (j = 1,...,n). At each frequency; (i =
1,...,m), the residue-;(x) is defined as the difference between the phase veIOZ;’ﬁworresponding
to an experimental dispersion curve and the computed phelseity C'(x) of the soil profile with
parameters:

r(x) = CE-CI(x) i=1,...,m. 2)

The theoretical dispersion curég! (x) of the soil profile is usually calculated as the fundamentéal-s
tion, corresponding to the first surface wave, of a transeetadl eigenvalue problem, formulated using



the direct stiffness method or an equivalent approach ahihéayer method (Kausel & Roésset, 1981).
This methodology can be used if the layering of the soil isil@&g in a sense that the stiffness of the layers
increases with depth. It can lead to erroneous results, Yewié the soil exhibits large stiffness con-
trasts and/or reversals between layers. In such casegringtde Rayleigh waves may affect the surface
displacements and the dispersion curve derived from thergwpntal data may differ from the funda-
mental Rayleigh wave dispersion curve (Gucunski & Wood®119okimatsu, et al., 1992). Several
authors have attempted to tackle this problem (Gabrielal.£1987; Gucunski & Woods, 1992; Beaty
et al., 2002; Ganiji, et al., 1998; Levshin, et al., 2005; OlNeMatsuoka, 2005). In the present paper, a
methodology similar to the approach of Zomorodian & Huné2di06) is followed. An effective theoret-
ical dispersion curve, accounting for the dominance of ighodes, is calculated 8§ (x) = w/kl (x),
wherek! (x) is the horizontal wavenumbés. where the modulus of the Green's functiofi (k,,w;) at

the frequencyw; = 27 f; reaches its absolute maximum. The Green’s funciigirik,, w) represents the
vertical displacements due to a vertical harmonic poindl lathe soil’'s surface and is calculated in the
frequency-wavenumber domain by means of the direct stifmeethod.

The non-linear least squares problem aims to minimize thectbe functionf(x) in equation (1) for the
soil parameters, where the dimensiom of the residual vector(x) is larger than the dimensiom of
the vectorx. This problem can be viewed as an optimization problem adtitve methods are applied
to solve it.

The Newton-based trust region method is a local optiminati@thod where a model functiony (p) is
constructed of the objective functigh{x) in the vicinity of the current point;. A candidate for the new
iterate is computed by approximately minimizing,(p) in the trust region:

mpin mg(p), such that| p ||< Ay (3)

wherep is the step vector from; andAj denotes the trust region radius at the current iteratiohhe
modelmy(p) is usually defined as a quadratic function:

mg(p) = f(Xk)erTVf(Xk)Jr%pTka (4)

where f(x;) andV f(x;) are the objective function value and gradient at the cuiterdatex;,, respec-
tively, andB;, is equal to the Hessia¥? f (x;,) or an approximation to it.

For large-scale problems, the Matlab Optimization Toolbpglies an approximate strategy to solve the
optimization problem defined by equations (3) and (4) th&niswn as the two-dimensional subspace
minimization method. The trust region subproblem is rettd to a two-dimensional subspace, spanned
by the direction of the gradiei f (x;) and by either the Newton directionB,QIVf(xk) of the quadratic
model (whenB;, is positive definite) or a direction of negative curvaturnénB,, is indefinite). The
latter is calculated approximately by a truncated pred@rid conjugate gradient method. In the former
case, the trust region subproblem becomes:

mpin mi(p), suchthat || p||[<Ay, p€spaiVf(xz), B, 'V f(x)]- (5)

Local optimization methods, as the Newton-based trusbregiethod, converge fast, but do not guar-
antee to find the global minimum of the objective function,vwak be demonstrated in a numerical

example. In the following section, it is outlined that the @Imethod offers a valuable alternative as
it combines the advantage of the local gradient based #hgasi (relatively fast convergence) with the
global approach of genetic algorithms (parallel strategy iaformation exchange).



THE CLM METHOD

Outline of the method

Consider the minimization of an objective functigiix) with multiple local minima, among which the
global minimum has to be found. In the Coupled Local Minim&zéCLM) method, a population of
t search points is used, at which the following average obgdtinction (f) (and its derivatives) is
calculated and minimized:

t

()= 3 1x0) ©

=1

wherex() denotes thé-th ({ = 1,...,t) search point in the population.

Instead of performing separate, independent searchesdeam of the search points, as would be the
case in a multi-start local optimization, the set of optiengzare coupled in order to create an interaction
so that the population generates a minimum that is better tie best result that would be obtained

from all individual local processes. Hence, a cooperatasgch mechanism is set up that is realized by
minimizing the average objective functidrf). During the minimization process the search points are
pairwisely coupled by the following synchronization caasits that enforce them to end in the same
final point:

xW —xtD) = o, 1=1,2,....t (7)
resulting in the following equality constrained minimiat problem:

min (f) with x® —x™D =0, 1=12 ...t (8)
x(MeR™

The boundary conditiorn(*t?) = x(1) is applied on the average objective functigf).

The CLM technique is implemented with the augmented Lageanmethod (Rao, 1996) in which the
augmented Lagrangian functiady is defined by the average objective functigfy of the population
together with synchronization constraints between thiviedal local minimizers:

t t
Z _|_ Z X(l l+1 % Z l+1 ||2 (9)

=1
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The vectorx = [x(1);...;x®)] collects all search vectoss!), while the vectorA = [A1);...; A()] con-
tains all vectors\(/ with Lagrange multipliersy is a weighting factor on the average objective function,
~ is the penalty parameter afid || denotes the Euclidean vector norm. The augmented Lagraetiech

is related to the quadratic penalty method, but it reducegtssibility of ill-conditioning of the sub-
problem (due to very high values of the penalty parametéry introducing explicit Lagrange multiplier
estimates at each step into the penalty function. Constraire imposed on multiple search points to
reach the same final position. If the parametgend~y are chosen appropriately, an improved solution
is obtained which in the best case corresponds to the gloiodinmm.

Augmented Lagrange methods are based on successive (apat@xminimization ofC 4(x, A,~,n)
with respect toc only, with updates of the Lagrange multiplieAs, (and, eventually, the penalty param-
etery) between the main iterations. The minimiz€r (or a good estimate of it) in the main iteration
k is obtained by minimizingC 4 (X, Ak, ) with the Lagrange multiplierd; and the penalty parameter
~ kept fixed (the latter should not approach infinity). The laagye multipliersA are updated before
starting the next iteration:

AD

= A - @0)



In this way the Lagrange multiplierA; become a reasonable estimate of the optinimat which the
minimum of £ 4(x, A = A*,~) with respect tox generates the global minimum 6f4(x, A, ~, n) with
respect tox andA.

Implementation with a trust region Newton method

In the implementation of the CLM algorithm (Teughels et 2D03), the trust region Newton method
(Nocedal & Wright, 1999) is used to minimiz&4 (x, A, ~y,n) with respect tox. In each sub-iterations,

a quadratic approximatiom(p) of £4 at the current populatior, has to be minimized within a trust
regionA;. The quadratic modeh(p) is defined by the truncated Taylor series(of:

1
min m(p) = La+[VLa]'P+ 5pT[V*La]p (11)

where the step vectqrfrom x, is subject td| p ||< A, and whereV £ 4 andV2L 4 are the gradient and
the Hessian of2 4 atx,.

Assuming that the value of the objective function in eachidepoint is independent of all other search
points, the following expressions are valid for 1, ...t (Teughels, 2003):

Viola = ¥Vf(x(l)) —AD A0 4 xED = x O] 4y x D — x ()] (12)
Viogwla = gvzf (x1) + 241 (13)
Viog-nLa = = = VianLla (14)

wherel denotes the: by n identity matrix. These expressions need to be includeddrytadient vector
and the band-structured Hessian matrix. The boundary reamst arex(?) = x® andx®*+1 = x(1),

As a Newton-based method is used, the search process in tenf@thod has a high convergence rate.
Convergence is enforced by the use of a trust region strafdgy CLM algorithm, as described above,
is implemented in the Optimization Toolbox of Matlab, by sifying the proper equations fat 4, VL4
andV2.L 4. The minimization problem in each main iteratiéris solved with the trust region Newton
method.

Choice of the CLM parameters and normalization

The number of search pointsieeded to achieve a good performance depends on the shéygeobiéc-
tive function and influences the cost of the computatiort.isftoo small, however, the global minimum
may be missed.

The search process is also influenced by the tuning parasmetardy. Increasingy gives more weight
to the quadratic penalty terms 4. If v is too high, the search points will first approach each othdr a
then search together for the nearest local minimum. A lowevalf~ results in a wide exploration of the
search domain by each search point, which can be useful velaesdarch points are used. If the relative
weight of the constraints is too low, the optimization pEgenay not converge. The paramejés used

to tune the weight of the average objective function ternhmé&ltagrange terms if 4.

It is difficult to give general guidelines for the a priori dehination of the parametetsy andn as they
are problem dependent. The objective function and the sgnctation constraints iff 4 are normalized
as follows:

f+T
By
xj(l)
R.;

F= such that 0<f<1 (15)

P

Amgl) - such that 0< |Am§l)| <1. (16)



The inequalities (15) and (16) should only hold on that pathe search space that will be explored.
The translation paramet@r and the factors?; and R.; are not unique and can only be estimated. As
only their order of magnitude is important, the followindismtions can be used’ = | min(0, f™")|,

Ry = f™4+ T andR,; = |7 — 2", with f™" and f™* the minimum and maximum value of the
average objective function amg‘ax anda:;.“i” the upper and lower boundary of the design variahleAs

fMin and ™M gre not known in advance, they are determined iterativelye @ the normalization, the
relative weights of the different terms 4 are less dependent on the characteristics of each particula
minimization problem.

The initial estimates of the Lagrange muItipIiérjé,) are randomly chosen in the intervall; 1] in order
to promote a wide exploration of the search space. Simjlénly initial population of search points
xi=0 = [xW;..;xB]2=0 is well spread in the search domain within the range of playsieeaningful
values.

The strength of the CLM method is that it is likely to find thelghl minimum in relatively few iterations.
The method requires the evaluation of the gradient and Bessowever. Consequently, it is appropriate
for low-dimensional functions for which the computationtbé derivatives in the current search points
only represents a marginal cost in comparison with the et of the function in additional search
points.

SYNTHETIC EXAMPLE
Problem outline
A soil profile 1 is considered that consists of three layers tralfspace (table 1). Each layer is charac-

terized by the thickness, the shear wave velocity;, the longitudinal wave velocitg’,, the densityp,
and the hysteretic material damping ratio

Table 1: Dynamic characteristics of the soil profile 1.

Layer d Cs Cp p B
m] [m/s] [m/s] [kg/n]  []
1 3 160 320 1750 0.025
2 4 185 370 1750 0.025
3 8 200 400 1750 0.025
4 0

400 800 1750  0.025

Figure 1 shows the dispersion curves of the lowest seven snodkulated with a direct stiffness formu-
lation. The first mode varies from the Rayleigh wave velooitthe underlying halfspace to the Rayleigh
wave velocity of the top layer. Higher modes start at discfegquencies and have a phase velocity that
varies between the shear wave velocity of the halfspacetentbp layer. Superimposed on the same
graph is the effective dispersion curve, which is calcalatsing a methodology that is similar to the ap-
proach of Zomorodian & Hunaidi (2006) and based on the mawmirofithe Green’s functionS, (k,, w)

of the layered halfspace. The effective dispersion curllevis the fundamental mode, demonstrating
that the surface response is indeed dominated by the firsé fuwda soil profile where the stiffness
increases with depth.

Local optimization

A synthetic inverse problem is considered where the shewae welocitiesCs; andC,. (or the Young's
moduli) of the two top layers are selected as the unknowrgdegriables and collected in a vector
with dimensionn = 2, while all other material characteristics are constanhwiélues as summarized
in table 1. The residual vecto(x) is defined at frequencies ranging from 5 to 30 Hz with a step of 5



500

400

300

200

Phase velocity [m/s]
Objective funvtion

=
o
o

200

20 40 60 80 100
Frequency [Hz] C,, [mis]

o

250 (:Sz [m/s]

Figure 1: Dispersion curves of soil profile Figure 2: Objective function based on the fun-
1 (solid lines) and effective dispersion curve damental surface mode.
(dashed line).

Hz and from 40 to 100 Hz with a step of 10 Hz, so that= 13. Figure 2 shows the objective function
f(x) as a function of the shear wave velociti€s, andC;, of both top layers. Apart from the global
minimum at (160;185) m/s, the objective function also hascallminimum at (183;146.5) m/s.
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Figure 3: Local optimization starting from the  Figure 4: Dispersion curve of the first surface

point (200;170) m/s. mode corresponding to the global (dashed line)
and the local (solid line) minimum of the objec-
tive function.

Table 2: Dynamic characteristics of the soil profile 2.

d C, Cp p 1)
[m] [m/s] [m/s] [kg/mP] [
1 3 183 266 1750 0.025
2 4 146.5 293 1750 0.025
3 8 200 400 1750 0.025
4 00 400 800 1750 0.025

A local optimization algorithm, as the Newton-based tresfion method, may iterate to this local min-
imum. This is illustrated in figure 3, where the algorithnrdites from the starting point (200;170) m/s
to the local minimum. The latter corresponds to a dispersione that is different from the dispersion
curve of the first surface wave curve, as shown in figure 4.

The local minimum at (183;146.5) m/s corresponds to a saililpr2 where the second layer is softer
than the top layer (table 2). In such a medium, the assumptatrthe surface response is dominated by



the first surface wave is not valid, as will be discussed inlaieng subsection. First, we will apply the
CLM method to the inverse problem defined with the fundamentdace mode.

Global optimization

The CLM method is applied to the optimization problem as aix@d above. Threet & 3) two-
dimensional starting vectors & 2) are considered, corresponding to the points (180;220)(208;170)
m/s and (220;200) m/s. The translation facloon the average objective function in equation (15) is
equal to zero (as the objective function is positive), whilscaling factorzy = 10000 is used, as to
fulfill the inequality (16). The weighting factoj on the average objective function is equal to 5.0. The
normalization factord?.; on the synchronization constraints for both shear waveciteds are equal to
179.28 m/s, corresponding to a Young'’s modulus of 150 MP#&wik a good estimate of the maximum
variation of the shear wave velocity in the search domaire ihial estimates of the Lagrange multipli-
ers\") are randomly chosen in the intenjal1; 1] in order to promote a wide exploration of the search
space. A penalty factoy = 0.5 results in a good compromise between a wide explorationeo§#farch
space and computation time.
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Figure 5: CLM optimization starting from Figure 6: History of the shear wave velocity in
the points (180;220) m/s, (200;170) m/s and the top layer (solid line) and the second layer

(220;200) m/s. (dashed line) for the three search points in the
population.
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Figure 7: Dispersion curve of the first surface Figure 8: Dispersion curves of soil profile
mode corresponding to the global minimum of 2 (solid lines) and effective dispersion curve
the objective function (dashed line) and after (dashed line).

optimization with the CLM method (solid line).

Figure 5 illustrates how the three search points exploresd¢aech domain but finally arrive in the global
minimum of the objective function, whereas figure 6 shows fosvshear wave velocity in the top and



the second layer converge to values of 160 m/s and 185 mfsatieely, for the three search points in
the population. The resulting dispersion curve almostgutif matches the dispersion curve of the first
surface mode of the soil profile, as shown in figure 7.

It is concluded that the CLM method is a versatile gradieseldamethod that can find the global mini-
mum of objective functions exhibiting local minima in relegly few iterations. It is therefore very useful
to solve problems of higher dimension that exhibit local imia, which are not as easy to visualize as in
the two-dimensional problem considered.

It must be stressed, however, that the local minimum in tlewipus example corresponds to a soll
profile with a soft layer overlain by a stiffer layer. Thatstibdn could have been avoided if the effective
dispersion curve in stead of the fundamental mode would haee used in the definition of the inverse
problem, as discussed in the following subsection.

Alternative objective function

Consider again the solution of the optimization problentaoted with the Newton-based trust region
method, that was denoted as soil profile 2 (table 2) and ifieshias a local minimum on figure 3. Figure

8 shows the dispersion curves of soil profile 2, together thigheffective dispersion curve. It is apparent
that the effective dispersion curve does not correspontiéditst surface mode in the full frequency
range, but also follows dispersion curves of higher modéss @lemonstrates that the surface response
is also affected by higher Rayleigh modes.

If a SASW test would have been performed on a site with soifiler@, the experimental dispersion
curve would correspond to the effective dispersion curtiegerathan the first surface mode, that has been
employed in the definition of the objective function. Thispines that the solution corresponding to soil
profile 2 is not feasible in practice as it corresponds to bofile for which the effective dispersion
curve is different from the first surface mode.

This problem can be solved by proper reformulation of theilsg problem. A first choice is to use the
first surface mode together with a constraint on both shewe welocities, excluding soil profiles where
soft layers are overlain by stiff layers. A second choiceoisie the effective dispersion curve in the
formulation of the inverse problem. The latter solutioroad to account for soil profiles where soft
layers are overlain by stiffer layers.
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Figure 9: Objective function based on the ef- Figure 10: Objective function based on the ef-
fective theoretical dispersion curve. fective theoretical dispersion curve.

Figure 9 shows a contour plot of the objective function, ggime effective dispersion curve in stead of
the first surface mode. The objective function now exhibisingle (global) minimum at (160;185) m/s,
corresponding to soil profile 1. Superimposed on this grapthe path followed by the Newton-based



trust region method from the starting point (200;170) m/s¢he global minimum. The CLM method
remains useful in practice, as it can never be excluded lieablbjective function has local minima (this
is certainly the case in optimization problems of higherelsion); figure 10 illustrates that the solution
corresponding to soil profile 1 is also found with the CLM neathusing three two-dimensional starting
vectors, corresponding to the points (180;220) m/s, (Z00);in/s and (220;200) m/s.

EXAMPLE BASED ON IN SITU EXPERIMENTS

The CLM method described above is employed to invert an éxatal dispersion curve obtained at a
test site near the high speed train track in Lincent (Belgiurhe experimental dispersion curve for this
site is determined using Nazarian’s method (Nazarian & Dd€93) (figure 11). The computational
time necessary to invert the dispersion curve is not mome sbane minutes on a PC for both the LS and
the CLM method.

In the inversion procedure, the soil is modeled using 3 lyer a halfspace. The design variables
are the layer thicknesses and shear wave velocities, asas/éile shear wave velocity of the halfspace
(n=7). Two (t = 2) seven-dimensional starting vectors are considered. rEHmslation factofl’ on

the average objective function in equation (15) is equaletmzwhile a scaling factofz; = 10000 is
used. The weighting and penalty factgrand~ are equal to 5.0 and 0.5 respectively. The normalization
factorsR.; on the synchronization constraints for all shear wave vidscare equal to 179.28 m/s. The

initial estimates of the Lagrange muItipIieki}l) are randomly chosen in the intenjat1; 1]. The other
characteristics of the profile are derived from the resulsaslier tests. For all layers, a Poisson’s ratio
v = 1/3, a densityp = 1800 kg/m? and a damping rati¢ = 0.03 is used.
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Figure 11: Experimental dispersion curve at Figure 12: Experimental dispersion curve and
the site in Lincent. the dispersion curve of the converged solution.

Table 3: Dynamic characteristics of the soil profile in Lincent.

Layer d C, C, p B
[m] [m/s] [m/s] [kg/m’] [

1 0.53 139 278 1800 0.03
2 154 154 308 1800 0.03
3 2.68 224 448 1800 0.03
4 00 249 498 1800 0.03

Figure 12 represents a good agreement between the expairde&persion curve and the dispersion
curve of the converged solution. The resulting dynamic sladlracteristics are shown in table 3, while
the shear wave velocity profile is compared with the resulth@SCPT in figure 13. It can be observed
that the SASW inversion procedure using a CLM algorithm lissua a relatively good estimation of

the shear wave velocities. The discrepancy between theidiles determined by the SASW method



and the SCPT method is partially due to the assumptions nmaithe forward model used in the SASW

method (horizontally layered isotropic halfspace, andiagsion that the first surface mode dominates
the response), the accuracy of the SCPT results, which gipélly related to the resolution of the

accelerometers used, and the different expected spat@utmn of both methods.

Shear wave velocity [m/s]
(9 100 200 300 400 500

Depth [m]
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8

Figure 13: Shear wave velocity profile for the site in Lincentobtained with the SASW test (solid
line) and the SCPT test (squares).

CONCLUSION

The method of Coupled Local Minimizers has been succegsaplied to the solution of the inverse
problem as it is formulated in the third step of the SASW mdthd his has been demonstrated by
considering a synthetic example of a layered halfspacetivite layers on a halfspace, for which a two-
dimensional inverse problem is solved. The example demratestthat gradient based local optimization
methods may converge to a local minimum of the objective tianc This problem can be solved by
proper reformulation of the inverse problem using appadprconstraints or using the effective theoret-
ical dispersion curve in stead of the fundamental mode. llcasles, the CLM method offers a valuable
alternative to local gradient based algorithms as it can thiedglobal minimum of objective functions
exhibiting local minima in relatively few iterations. TheL® method is further applied to an inverse
problem of higher dimension, based on an experimental digpe curve that has been measured at a
site in Lincent (Belgium). The shear wave velocity profiles li@en determined and compares well with
SCPT results.
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