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ABSTRACT

The Spectral Analysis of Surface Waves (SASW) method is anvamtechnique for the identification
of the dynamic soil properties. This method consists of aitinexperiment to determine the dispersion
curve of the soil and the solution of an inverse problem witeeeorresponding soil profile is identified.
The information on the dynamic soil properties providedhsy dispersion curve is limited, however. As
a result, the solution of the inverse problem is non-uniguethe present study, a Bayesian approach
is followed to solve the inverse problem. The goal of thisrapph is to obtain a stochastic soil model,
accounting for the uncertainty related to the SASW restiitat can be used to estimate the transfer
functions of the soil. A prior stochastic soil model is firstrhulated using the information that is
available before the SASW test is performed. This prior nhdgl¢hen transformed into a posterior
stochastic soil model that accounts for the SASW test resdlhe posterior model is finally used to
predict the response of the soil due to a hammer impact onradfdgion. The results are compared with
experimental data.

Keywords: dynamic soil characteristics, Spectral AnagdiSurface Waves, stochastic inverse problem,
Markov chain Monte Carlo.

INTRODUCTION

The SASW method is a non-invasive method to determine thardigishear modulus of shallow soil
layers upto a depth of 5 to 10m (Nazarian & Desai, 1993; Yuan @&adfian, 1993). The resulting
soil profile can be used to solve forced vibrations problemmidated by the wave propagation in the
soil, such as the prediction of traffic induced vibrationgha free field or the built environment. The
method is based on the dispersive characteristics of surfages in a layered medium and consists of
three steps. The first step involves an in situ experimentreviibrations are generated at the soil's
surface using a falling weight, an instrumented impact hammr a hydraulic shaker. The free field
response is measured with geophones or accelerometera diance of typically 50m. In the second
step, an experimental dispersion curve is determined tissnghase of the transfer functions between the
receiver signals. Itis assumed that the response at suofficlarge distance from the source is dominated
by dispersive surface waves. In the third step, an inverskelgm is solved to obtain the shear modulus
of the soil. The direct stiffness method or the thin layer moet (Kausel & Roésset, 1981) is used to
calculate the theoretical dispersion curve of a soil withveerg shear modulus. The shear modulus is
iteratively modified in order to minimize a misfit functionfaded as the distance between the theoretical
and the experimental dispersion curve.

The information on the soil properties provided by the dispm curve is limited. As a result, the
solution of the inverse problem is non-unique: the soil peafibtained with a classical deterministic
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optimization scheme is only one of the profiles that fit theeskpental data. Therefore, alternative
solution methods have been developed to identify the enlgeofilsoil profiles fitting the experimental
data (Sambridge & Mosegaard, 2002).

The most robust method to assess the uncertainty on therefilepgs a Monte Carlo simulation where
an ensemble of acceptable soil profiles is generated. Maoaitly @wversion techniques usually follow
a Bayesian approach (Bayes, 1763). This approach combirdaformation available before the ex-
periment (the prior information) with the information pided by the experimental data. The prior
information is first used to assign a prior probability toveonceivable soil profile. A likelihood func-
tion is subsequently defined that reflects the degree to whigiien profile fits the experimental data.
Finally, the posterior probability of each soil profile idaaated as the (normalized) product of the prior
probability and the likelihood. The prior and the postepoobability should be interpreted as the degree
of belief that a soil profile is the true soil profile.

Mosegaard & Tarantola (1995) use a Markov chain Monte Caslersion technigue for a geophysical
problem where the density of the soil is derived from the ijyaat the soil’s surface. The soil is modelled
as a layered medium. A prior probability density functiod@® is formulated for the layer thickness
and for the density of each layer. This prior stochasticreaitiel is sampled by means of a random walk.
For each sample, the gravity at the soil’'s surface is caledlaNext, the Metropolis rule (Hastings, 1970)
is used to accept or to reject the sample, depending on thespandence with the experimental data.
In this way, the random walk is modified so that the posteriabpbility distribution is sampled. The
resulting samples represent the ensemble of acceptablaraiilies.

In the present paper, a site in Lincent (Belgium) is congiderAn in situ experiment is conducted
to determine the experimental dispersion curve of the ddihia site. A Markov chain Monte Carlo
method is applied for the inversion of the Rayleigh wave elisfpn curve. The final objective is to
quantify the uncertainty on the results of a forced vibratiwoblem that depends on the dynamic soll
properties. As an example, the uncertainty on the free field fesponse due to a hammer impact on a
concrete foundation is predicted. More complicated proislesuch as traffic induced vibrations in the
built environment, can be addressed in a similar way. Thpepéocuses on the identification of the
dynamic shear modulus of the soil, although the same melbgglaan be used to identify the material
damping ratio.

THE PRIOR MODEL

In the present paper, the objective of the SASW test is to ddate a soil model for the prediction of the
ground vibrations at a site in Lincent (Belgium) due to a hanimpact on a concrete foundation. This
vibration prediction problem is addressed in one of theofeilhg sections. A preliminary study of this
problem shows that the variations of the dynamic shear nusdaglow a depth of 6 m do not affect the
results. Itis therefore unnecessary to identify the vienet of the shear modulus below 6 m or to include
them in the prior stochastic soil model. Hence, the soil islefled as a homogeneous halfspace overlain
by a layer with a thicknesls = 6 m where the shear modulus varies with depth.

In the layer 0< z< L, the shear modulus is modelled as a random progés®), wherezis the vertical
coordinate and is the coordinate in the random dimension (Kolmogorov, 1956the halfspace > L,

the shear modulus equalgL, 8). The other dynamic soil properties are deterministic anustamt in
both the layer and the halfspace: the Poisson’s ratio 4s1/3, the density isp = 1800kg/m?, and
the hysteretic material damping ratio ls= 0.03 for both dilatational and shear waves. The soail is
modelled by means of the direct stiffness method (Kausel &93et, 1981), using 60 layer elements
with a thicknessl = 0.1 m on top of a halfspace element.

The shear modulug(z ) is modelled as a stationary non-Gaussian process chazadiéy a marginal



PDF py(u) and a covariance functid®y, (z1,2). A lognormal PDFp,,(p) with meanm,, = 72MPa and
coefficient of variationo,, /m, = 1 is used (figure 1a). The choice for a lognormal PDF follovesrir
the prior knowledge that the shear modulus must be posifike.mean valuen, corresponds to a shear
wave velocityCs = 200 ny's, which is typical for shallow soil layers in Belgium. Theghicoefficient of
variation stems from the absence of prior information onvidigability of the soil properties.

Since the procesg(z, 6) is stationary, the covariance functi@ (z;,z) can also be written &S (z)
with z= |z, — z;|. This function is given by:

Culd) = ks <§> &

whereK; is a first order modified Bessel function of the second kindréisowitz & Stegun, 1965)
andl is the correlation length. The functid®), (z) belongs to the Matérn class of spatial covariances
(Handcock & Stein, 1993). It can be shown that the realinstiof a random process with this covariance
function are continuous (Kent, 1989), which is a desiralotgerty for a random process used to model
the shear modulus of a soil. The choice of the correlatiogtleh based on the prior information is a
difficult task. A relatively small valué. = 0.25m is adopted in the present study. In this way, the prior
model contains distinct variations of the shear modulus emaill spatial scale compared to the Rayleigh
wavelength in the frequency range of interest. The compangth the resulting small scale variations
in the posterior model allows one to assess the resolutidheoSASW test. The covariance function
Cu(2) is shown in figure 1b.
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Figure 1: (a) Prior marginal PDFp, (1) and (b) prior covariance functio@, (z) of the soil's dynamic
shear modulusgi(z 0).

In the following, the shear modulys(z 6) is discretized so that the random behaviour of the prior
model is controlled by a small number of independent Gangsiadom variables. Following a method
described by Grigoriu (1998), the shear modyl(g, 6) is modelled as a translation process:

H(z8)=9(nz0)) = F(Fy (n(20))) 2)

Herein,n(z,0) is a standard Gaussian process giigla memoryless transformation defined in terms of
the cumulative density functidf, (i) of the non-Gaussian procegéz, 8) and the standard Gaussian cu-
mulative density functiorfr, (7). The covariance functio@; (z;,z) of the underlying Gaussian process
n(z,0) is determined so that the transformatmleads to a non-Gaussian procegg, 6) with the target
covariance functio®, (z1,2).

The underlying Gaussian proceséz 0) is discretized by means of its Karhunen-Loeve decompasitio
(Ghanem & Spanos, 1991):

M
nz0)~ 5 vAh(2)é(6) (3)
K=1



whereM is the order of the Karhunen-Loeve decompositiéif) areM mutually independent standard
Gaussian random variables, ahdand fi(z) are theM highest eigenvalues and corresponding eigen-
functions satisfying the following equation:

L
| crlzz)f(z)dz =2 1) (4)

This integral equation is a homogeneous Fredholm equafitimteasecond kind and can only be solved
analytically in very specific cases. It is solved here by nsezfra Galerkin type procedure developed by
Ghanem & Spanos (Ghanem & Spanos, 1991), which is equivialéhe Rayleigh-Ritz method (Baker,
1977). The integral equation (4) has an infinite number aftemis, which are sorted in descending order
of eigenvalueAy. Only theM lowest order Karhunen-Loeve modégx), corresponding to the highest
eigenvalues\y, are withheld in the decomposition (3).
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Figure 2: The first five Karhunen-Loeve modg&) of the underlying Gaussian procegéz, 6). Darker
lines represent lower modes.

The first five Karhunen-Loeve modég(z) are shown in figure 2. This figure clearly shows that lower
modes vary on a larger scale than higher modes. The nukhleémodes in the discretization (3) there-
fore determines the smallest scale on which the variatibtiseorandom procesg(z 6) are accounted
for. In the present analysi®/ = 16 Karhunen-Loeve modes are withheld. This choice is based o
the convergence of the forced vibration problem in the negtisn. In the frequency range of interest,
the waves that dominate the forced vibration problem do esxlve the higher Karhunen-Loeve modes
(Schevenels, et al., 2007). It is therefore unnecessagetttify the contributions of these modes to the
random procesg(z, 0) or to include them in the prior model.

In order to simulate the random procgs, 8), a random number generator is used to produce realiza-
tions of the random variable&(6). These are introduced in equation (3) to obtain realizatioithe
underlying Gaussian proceggz 0), which are finally transformed by means of equation (2) i t
realizations of the dynamic shear modujug, 8) shown in figure 3.

THE LIKELIHOOD FUNCTION

For every soil profile, the misfit between the theoreticapéision curveCk(w) and the experimental
dispersion curveCg(w) is characterized by the likelihood functidr (§). Herein, &(6) is a vector
collecting the random variabldg(6).

The experimental dispersion curve of the soil at the siteiircént (Belgium) is derived from the phase
of the transfer functions between ten pairs of receivefkviing Nazarian’s method (Nazarian & Desai,
1993). Figure 4 shows the contributions of all pairs to theeeixnental dispersion curve, as well as an
approximating fifth order polynomial. In the following, tip@lynomial approximation is referred to as
the experimental dispersion cur@§(w) and used for comparison with the theoretical dispersiomecur
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Figure 3: Twenty realizations of the shear modujug, 6) drawn from the prior stochastic soil model.
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Figure 4: Experimental dispersion curve (gray dots) andmgpnating polynomial (black dots).

The theoretical dispersion curve is usually calculatedhasfindamental solution of a transcendental
eigenvalue problem formulated using the direct stiffnesthod (Kausel & Roésset, 1981) or an equiv-
alent approach. This methodology can lead to erroneoudisekthe soil contains soft layers overlain
by stiffer layers. In such cases, higher-mode Rayleigh waway affect the surface displacements and
the dispersion curve derived from the experimental datadifégr from the fundamental Rayleigh wave
dispersion curve (Gucunski & Woods, 1991; Tokimatsu, etl#192). Several authors have attempted
to tackle this problem (Gabriels, et al., 1987; Gucunski &0, 1992; Beaty, et al., 2002; Ganii,
et al., 1998; Levshin, et al., 2005). In the present study,ethodology similar to the approach of
Zomorodian & Hunaidi (2006) is followed. An effective thetical dispersion curve, accounting for
the dominance of higher modes, is calculatedCA$w) = w/kk(w). Here, kk(w) is the horizontal
wavenumber where the modulus of the Green’s functififk; w) at the frequencyw reaches its ab-
solute maximum. The Green'’s functio,(k., w) represents the vertical displacements due to a vertical
harmonic point load at the soil’'s surface and is calculate¢tié frequency-wavenumber domain by means
of the direct stiffness method.

The likelihood function_ (&) is defined as follows in the present study:

0 if m£1x|C§(w) —CE(w)| > ACR
E
—CRr

Le@) = 1 ifm3x|C§(w) CE(w)| < ACR

()

whereACr = 5m/s. Hence, all soil profiles for which the deviation of the tregiwal dispersion curve
Ck(w) from the experimental dispersion cur@g(w) does not exceed the threshold valvér are
acceptable and equally likely, while the other profiles areatceptable. The choice for this likelihood
function is rather arbitrary and subjective. Alternatyyel likelihood function can be formulated on the
basis of a more rigorous estimation of the variability of ¢hgerimental dispersion curve. O’Neill &



Matsuoka (2005) presents a numerical study of the influemegrious sources of uncertainty on the
experimental dispersion curve, such as the position ahdftthe sensors. Marosi & Hiltunen (2004)
determine the variance of the experimental dispersionecusing a large sample of experimental data
collected from two test sites and find a coefficient of vapiatof 2%. Lai, et al. (2005) follow a similar
approach and find coefficients of variation ranging frorh% to 5% in the low frequency range and
from 0.23% to 125% in the high frequency range.

THE BAYESIAN UPDATING SCHEME

In this section, the likelihood functiohs (§) is used to transform the prior soil model into a posterior
soil model. The soil models are characterized by a prior PRE ) and a posterior PDB; (£ ), defined

in terms of the random variablég(6). In the prior model, these variables are mutually indepehdad
standard Gaussian. Hence, the prior RRF) is given by:

2
(€)= i exp(—@) ©)

where||§ || is theL,-norm of the vectog . Following a Bayesian approach, the posterior PDF is fogmal
defined as:

0s(§) =kog (§)Lg(§) (7

where the normalization constakis introduced to ensure that the posterior P@#¢) integrates to
one. Equation (7) can not be used to obtain a closed-formessjan for the posterior PDd (&) since
such an expression is not available for the likelihdgdé ). Therefore, the posterior PD#; (&) is not
calculated. Instead, a Markov chain Monte Carlo methodpdieqhto obtain a population of soil profiles
distributed according to the posterior PDE(§ ).

The Markov chain is constructed by means of the Metropobstligs algorithm (Hastings, 1970). First,
a candidaté_ , for the next staté;, 1 is randomly generated using a conditional P@E{_ ,|&;) that
depends on the current stafe and is referred to as the proposal distribution. Next, therdfelis-
Hastings acceptance probabiliti€;, ;. ;) is calculated as:

0 (€1.1) a&ilE1 ) 1}
o: (&) a&i, &)’
Finally, the candidaté/, , for the next state;,; is accepted with probability(&§;,&{ ,), using an

auxiliary random variable with a uniform probability diktntion between 0 and 1. If the candidate is
rejected then the next stafg, 1 is set equal to the current stdfe

(8)

(&L =min{

Following the approach proposed by Mosegaard & Tarantd®8Rg), the acceptance or rejection of the
candidate state is dealt with in two stages. A candidate statst be accepted in both stages to be
admitted to the Markov chain. In the first stage, the accegtamobabilityr;(&;,&;,,) is calculated
from the prior PDFpg (&) as:

(9)

pe(&i, 1) A(&il€i ) 1}
ps(&i) a(§i,.l&)’

The likelihood functionL, (&) is accounted for in the second stage, using the acceptanbalplity

rz(fivfi/le):

(8L EL ) = min{

. LE( i/+1) }
ro(&,& ) =ming ——1="1 10
2(£| I+1) { LE(EI) ( )
This two-stage approach is equivalent to the use of the &moep probabilityr(§;,&;, ;) defined in
equation (8), but the numerical cost is smaller: the likeitiL; (§;. ;) does not have to be calculated for

candidate states that have already been rejected in thetfigs.



In the present analysis, the Markov chain is started at & &tafor which the likelihoodLs(§1) =1

and stopped aftéd = 10° steps. The proposal densiiyé;. 1|&i) is defined as a Gaussian PDF centered
around the current stafg:

i 1 &L, &
AE} I8 = g ex,o<_%> o

The standard deviatiooy determines the step size of the random walk. A larger steprsigults in
a faster exploration of the support of the posterior R ), but also in a lower acceptance rate of
candidate states. A standard deviatmn= 0.08 is used, resulting in an acceptance rate of abdut 0

The proposal density(&;.,|&;) defined in equation (11) assigns a positive probability tp subset

of the vector space of random variablgg6). Hence, the random walk can proceed in a single step
from the current staté; to any other state. As a result, the Markov chain is irredlecadperiodic,
and Harris recurrent and can be proven to converge to thenmsPDF g; (§) for every initial state

&1 (Tierney, 1994; Robert & Casella, 2004). The convergencéa@®fchain after an infinite number of
steps is therefore guaranteed, but it is very difficult teasshe convergence of a chain truncated after a
finite number of steps. Robert & Casella (2004) suggest totomotme convergence of averages and the
convergence to independent sampling.

The empirical averagey, (n) and standard deviatioas, (n) of the random variableg, in the Markov
chain are calculated as follows:

mg, (n) == &i (12)

05, () = \/ : > &m0 (13)

The results are shown in figure 5. Both statistigs(n) anday, (n) remain approximately constant after
2 x 10° samples, indicating that the truncated Markov chain haserged.
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Figure 5: (a) Mean and (b) standard deviation of the randomiatales &(0) in the Markov chain.
Darker lines correspond to lower Karhunen-Loeve modes.

The convergence to independent sampling is assessed wartiedation coefficientss, (Ai) of subse-
quent states in the Markov chain. The correlation coefftsief) (Ai) are calculated as follows:

)= (LS B M) a4)
& O_EZK(N) N—Ai i; ik S (i+Ai)k Ex

The results are shown in figure 6. The correlation betweerpkanvanishes after about 3000 steps,
suggesting that two samples in the Markov chain are mutuadlgpendent if they are 3000 or more
steps apart from one another. Hence, the chain containg aB%(8000= 333 mutually independent
samples.
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Figure 6: Correlation coefficientg, (Ai) of the random variablegy(6) in the Markov chain. Darker
lines correspond to lower Karhunen-Loeve modes.

THE POSTERIOR MODEL

The Markov chain constructed in the previous section repsshe posterior stochastic soil model. The
study of the posterior model and the comparison with the pniedel allows us to estimate the resolution
of the SASW test. In this section, the resolution of the SA8¥Y is assessed in terms of depth and spatial
scale.

Figure 7a shows twenty realizations of the shear modulzs6) selected from the Markov chain. The
corresponding theoretical dispersion cur@ggw) are shown in figure 7b and compared with the experi-
mental dispersion cun@g (w). The difference between the theoretical and the experahentves does
not exceed the threshold vald€r that has been imposed via the likelihood functigri&). Hence, all
soil profiles in figure 7a fit the experimental data relativeBil. The variability of these profiles is large,
however, especially below a depth of 2m. Below this depthickvlequals about.@ times the largest
wavelength in the experimental dispersion curve, the wtisol of the SASW test quickly degrades. A
similar observation is made by Beaty et al. (2002).
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Figure 7: (a) Twenty realizations of the shear modulug, 8) drawn from the posterior stochastic
soil model and (b) corresponding theoretical dispersionvesCg (w) (gray lines) compared with the
experimental dispersion cun@g (w) (black dots).

The realizations of the posterior shear modyl(s, 6) shown in figure 7a exhibit pronounced variations
on a small spatial scale compared to the Rayleigh wavelengdtie frequency range of interest. These
variations contribute substantially to the uncertaintyhia posterior soil model, while they depend to a
large extent on the small scale variations incorporatetierptior soil model. It is therefore informative
to compare the prior and the posterior variability of theeshmeodulusu(z 8) on different spatial scales.
This is possible via the random variabl&g0). In the prior model, the random variablég(6) are
mutually independent Gaussian variables with unit vagare the posterior model, the variablgg 0)



are no longer independent or Gaussian, and their variangigéa by the asymptotes of the curves in
figure 5b. The Bayesian updating scheme leads to a redudttbe wariance, especially for the variables
ék(6) corresponding to the lowest Karhunen-Loeve modes in therdposition of the random process
n(z0). These modes represent the large scale variations of ttee siedulusp(z 8). Hence, in

a SASW test, large scale variations of the shear modulus6) are better resolved than small scale
variations.

EXPERIMENTAL VERIFICATION

In this section, the prior and the posterior stochastic rhofde soil at the site in Lincent (Belgium) are
used in a Monte Carlo simulation to predict the uncertaimtyte free field vibrations due to a hammer
impact on a small surface foundation. The numerical resuiscompared with experimental data. The
free field response is recorded by means of seismic accet¢eesriocated at distances of 8m and 32m
from the center of the foundation. The free field mobilyw), defined as the transfer function from
the hammer force to the free field velocity, is measured usgnghammer impacts on the foundation.
For each impact, the free field velocity is calculated from thcorded acceleration by means of the
trapezium rule, where a high-pass filter is applied to avaiftirny of the integrated signal.

For 1000 realizations of the stochastic soil model, the fiedd mobility M (w) is numerically predicted.
For each of these realizations, a dynamic foundation-stdraction problem is solved by means of a
method based on the subdomain formulation developed byyA&l€louteau (1992). The equilibrium
equations of the foundation are formulated using a finiteel® model of the foundation and a boundary
element model of the soil (Bonnet, 1995). The boundary eltmmedel is based on the Green'’s functions
of a layered halfspace, so that only the foundation-soérfate has to be discretized. In this way, the
number of unknowns in the interaction problem is drastycedlduced. The Green'’s functions are calcu-
lated in the frequency-wavenumber domain using the ditd@tess method (Kausel & Roésset, 1981)
and transformed to the frequency-spatial domain by meatiseoinverse Hankel transform algorithm
developed by Talman (1978). Finally, the 95% confidenceoregf the modulusM (w)| of the mobility

is estimated from the simulations.

Figures 8 and 9 show twenty realizations and the 95% confedeggion of the modulugvi(w)| of the
free field mobility, calculated with the prior and the pogieistochastic soil model, respectively. The
results are compared with the experimental data.
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Figure 8: Twenty realizations (gray lines) arb% confidence region (gray area) of the prior free
field mobility modulusM (w)| compared with the experimental data (black line) for a seureceiver
distance of (aBmand (b)32m

Compared to the prior mobility, the variability of the paste mobility is smaller. The strongest reduc-
tion of the variability is observed in the low frequency rar{elow 40Hz). In this range, the wavelengths
of the dominating waves in the soil are large compared todhke of the variations of the shear modulus
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Figure 9: Twenty realizations (gray lines) a®é® % confidence region (gray area) of the posterior free
field mobility modulugM (w)| compared with the experimental data (black line) for a seureceiver
distance of (bBmand (b)32m

U(z,0) that are not uniquely identified by the SASW method. Hence,whves do not resolve these
small scale variations. Therefore, the mobilNy w) is relatively insensitive to the uncertainty on the
soil profile derived from the SASW test. All profiles in the pErsor stochastic soil model are, to a certain
degree, equivalent with respect to the prediction of theilitybT his implies that a single solution of the
inverse problem in the SASW method, obtained using a detéstid inversion procedure, can be used
for a reliable prediction of the mobility in the low frequgn@ange. This approach can also be followed
for the prediction of road traffic induced vibrations in thied field or the built environment, since the
dominant frequency of road traffic induced vibrations iswt® Hz.

In the high frequency range, the reduction of the varigbditthe posterior mobility is less pronounced.
In this range, the wavelengths are smaller and the waveseirsdit are affected by the small scale
variations of the shear modulys(z,8). Hence, the predicted free field mobility is affected by the
uncertainty on the SASW results. This implies that the usa il profile obtained from a SASW test
and a deterministic inversion procedure can lead to an urate prediction of the mobility in the high
frequency range. Similar conclusions hold for problemshsag the prediction of rail traffic induced
vibrations, where the dominant frequency may be above 50iHguch cases, the variability on the soil
profile derived from the SASW test should be accounted fog different soil investigation technique
with a finer resolution should be used.

The correspondence of the measured and the predicted fleenfidility in figure 9 is satisfactory in
the low frequency range. In the high frequency range, theilihols overestimated. This discrepancy
between measured and predicted results might be causedbyr@strictive prior stochastic soil model,
leading to a biased posterior soil model. The prior modey @flows the shear modulus to vary, the
other material properties are kept constant. The soil i atsumed to be layered so that variations of
the shear modulus in the horizontal direction are prohibi&nother explanation of the discrepancy is
possibly non-linear behaviour of the soil under the fouiuat

CONCLUSION

In the present paper, the determination of the dynamic simeatulus of shallow soil layers from a
SASW test is addressed in a probabilistic framework. A Beyespdating technique is used to identify
an ensemble of soil profiles that fit the experimental digpersurve. First, the prior information on the
soil properties is used to construct a prior stochasticreoidlel. The variations of the shear modulus
with depth are modelled by means of a random process, whitiedsetized by means of the Karhunen-
Loeve decomposition of an underlying Gaussian processt, l[déarkov chain Monte Carlo method is
applied to sample the prior stochastic soil model. For eachpée, the theoretical dispersion curve is



calculated and compared with the experimental dispersiovec The Metropolis rule is used to accept
or reject each sample based on the correspondence of betscim this way, only the soil profiles that
fit the experimental data are withheld and a population ofilpsis obtained that follows the posterior
stochastic soil model. The posterior model accounts fdn o prior information and the measurement
data. The prior and the posterior stochastic soil modelamgpared to assess the resolution of the SASW
method. It is observed that the variations of the shear nusduh a large spatial scale are well resolved,
especially in a region near the soil’'s surface. The resmiudieteriorates as the spatial scale decreases and
the depth increases. Finally, the posterior stochastlovsmilel is used in a Monte Carlo simulation to
quantify the uncertainty on the results of a vibration pcédn problem. The variability of the free field
field response due to a hammer impact on a concrete foundsfioedicted. An experiment is conducted
to verify the results of this simulation. It is shown that traiability is small in the low frequency range
and large in the high frequency range. Hence, for vibratiadigtions in the low frequency range, the
classical SASW method where a deterministic inversion gutace is used to identify the soil profile
gives reliable results. For vibration predictions in thgthfrequency range, however, the uncertainty on
the soil profile derived from the SASW test has an impact omébponse. In such cases, this uncertainty
should be accounted for or a different soil investigatiorthnod with a finer resolution should be used.
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