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ABSTRACT: This contribution presents a probabilistic and Bayesian approach for the finite element
modelling of a deep excavation in a lacustrine environment in Geneva, Switzerland. Coupling non-linear
3D finite element modeling with highly accurate meta-modelling techniques was shown to be necessary
in order to run time requiring analyses like Sobol” sensitivity and Monte-Carlo reliability analyses. A
priori input parameters’ probability density functions were based on geotechnical site tests, literature
and our expertise. Displacement measurements from on-site monitoring were subsequently used during
the first excavation phases in order to conduct an inverse Bayesian analysis. This helped us to refine our
prior knowledge for final settlements’ probability density functions and associated failure probabilities.
In particular, the need to install the fourth level of bracing has been evaluated in the light of this risk

analysis.

1. INTRODUCTION

The construction of an administrative centre is
planned in Geneva. The project involves the ex-
ecution of a large excavation in soft clays, with a
maximum excavation level of about -18 m. The
designed retaining system comprises a one-meter
thick slurry wall supported by three to four levels
of struts. 2D and 3D finite element analyses have
been conducted with ZSOIL (2023) to evaluate the
excavation’s influence on the neighbouring struc-
tures and check the design forces in the wall and the
struts. As Commend et al. (2004) have shown, the
pore-water pressure change is one of the main fac-
tors influencing the behaviour of deep excavations
in such soft and saturated soils: taking into account
100% of pore-pressures in 2D permanent drained
analyses often leads to an overshoot in the predic-
tion of displacements and associated forces in the
support system, as the reality is 3D and transient

(partially drained). In the specific context of the
Geneva region, the study of piezometers has also
shown that during underground works, soil decom-
pression leads to a drop in the pore-water pressures
that can reach 20 to 40%. With this in mind, a prob-
abilistic framework has been put into place to eval-
uate the need to place a fourth level of bracing in
the deepest part of the excavation. First, sensitiv-
ity analysis allows us to concentrate on the most
relevant input parameters. Then, a priori distribu-
tions of pore pressures and soils’ geotechnical pa-
rameters — taken from the geotechnical report as
well as our experience — are propagated through our
computational model, yielding probability density
functions for the most significant results (horizon-
tal displacement of the wall, settlements, bending
moments). Finally, an inverse Bayesian analysis,
based on displacements measured from inclinome-
ters after the installation of the first level of struts,
allows us to refine the input parameters’ distribu-
tions and therefore predict with better accuracy the
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behaviour of the subsequent excavation steps. It has
to be noted that this paper has been written before
the excavation was completed: displacements cor-
responding to the full excavation are not known by
the authors but should be available in time for pre-
sentation during the conference.

2. METHODS AND TOOLS

The current probabilistic analysis is driven by the
coupling between ZSOIL (2023) and the uncertain-
ties quantification framework UQLab (Marelli and
Sudret (2014)). According to the general scheme
proposed by Sudret (2007) and de Rocquigny et al.
(2008), methods such as meta-modelling, sensitiv-
ity analyses, Monte-Carlo analyses and Bayesian
inference are used in this paper. This section pro-
poses an overview of these methods.

2.1.

Let us define M as a model which describes a
geomechanical problem:

Numerical model

XeDxcRM 5 y=MX)eR (1)

where X = {xq,...,x)} is the matrix including the
M input parameters and Y, the output quantity also
called Qol (Quantity of Interest). If multiple quan-
tities of interest are considered, Y € R? is defined as
a vector with ¢ components. In the current article,
M represents a ZSOIL finite element model which
is tasked to solve the following system of partial
differential equations:

(O'ij+S Péij)’j+fi

—kij k,(S)(—£+H) =0
Yrf J

Eq. (2) involves a two-phase analysis with sta-

tionary flow or steady-state flow. The constitutive

behaviour of soils is modelled by the hardening soil

model with the brick-formulation (Cudny and Truty
(2020)).

=0

M: 2)

2.2.  Approximation model

Due to the large number of model evaluations
when coupling probabilistic analyses and finite el-
ements method, an approximation model or meta-
model must be created. Schobi (2019) showed that
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the coupling between polynomial fitting and Gaus-
sian process techniques could catch the global and
local behaviour of the model being approximated,
finally achieving a precise meta-model. This family
of meta-models is called Polynomial Chaos Kriging
and is defined by combining a set of orthonormal
polynomials ¥, (X), which describes the trend of
the Kriging, and the zero-mean, unit-variance sta-
tionary Gaussian process 0->Z(X, w) as follows :

Meck(X) = ) yaWa(X) +?Z(X, )
acA

3)

In this paper, PCK-meta-models are considered
for the probabilistic analyses. The training points
set Y, which allows the creation of a meta-model is
commonly called Experimental Design or ED. It is
made of the i original model responses:
yDY,':M(Xl‘) (4)
2.3.  Sensitivity analysis

In numerical modelling, identifying key model
parameters allows more accuracy in calculations
and may help the modeller identify the impacting
variables on the model response. Driving such sen-
sitivity analyses may help set the non-impacting pa-
rameters as deterministic variables while impact-
ing variables can be kept as probabilistic distribu-
tions. Reconsidering Eq. (1), Sobol’ indices (Sobol
(2001)) describe how the variability of input param-
eters impacts the output model response. The first
and higher Sobol’ indices are defined by the Eq. (5)
where D is the total variance and D;, ;. the partial
variances of a model response. Eq. (6) yields then

the total Sobol’ indices.
D, .. i
S iy = D (5)
sT=" > Si.i (6)
iC{i],eenrls)

2.4. Reliability analysis

Here, reliability analyses are driven by Monte-
Carlo simulations (MCS). By introducing a g(X)
function which represents an hypersurface bound-
ing the safe and the failure domain, the indicator
function of the failure domain:
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1 ifgx)<0
1@f(x)‘{0 if g(x) >0 **

provides a method to compute a probability of fail-
ure numerically by MCS. This probability is called
the empiric probability of failure, is exact when the
number of model evaluation N — oo and is given by

€ Dx (7)

8)

1 X Nitgi

2.5. Bayesian analysis

When performing Bayesian analyses, Eq. (1)
must be extended by an additive model discrepancy
to link the predictions with field measurement data.
Assuming that this discrepancy term is normally
distributed, with zero-mean value and with SD X,
a prediction is given by Eqgs. (1) and (3) :

Z~Y+e¥ Mpck(X)+& where &= N(0,%) (9)

Considering the additive discrepancy given in
Eq. (9) and according to Bayes’ theorem, the cal-
culation of the distribution of the input given one
measurement z; is performed by

N
x(X|2Z)=a- fx(X)- HN(Zi | Mpck (X),X) (10)

i=1

where a7 ! = f_ O:o L(x)fx(x)dx is the normalizing
constant. Bayesian analyses performed later in
the present article are numerically solved by the
Markov Chain Monte Carlo algorithm implemented
in UQLab. The sampling method used for the
chains construction is the Adaptive Metropolis al-
gorithm (AM) (Wagner et al. (2021)).

Table 1: Hardening Soil Model parameters.
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3. STUDY CASE DESCRIPTION

To pursue the development of its activities, the
Pictet Group has decided to construct an avant-
garde building at the heart of the major Praille Aca-
cias Vernets urban development project in Geneva
Switzerland (GoogleEarth). The Campus Pictet de
Rochemont aims to become one of the most em-
blematic building complex of the Praille Acacias
Vernets project. It will be also an environmental
reference in its construction concept, energy con-
sumption and accessibility, with a strong emphasis
on car-free living (Pictet Group (2023). The part of
the project studied in this article is a vertical slice
of a 17.3 meters high diaphragm wall. The cal-
culations are not presented retrospectively, which
means that the excavation was not yet at its final
level when this paper was prepared.

3.1. Geometry and excavation stages

The geometry of the 4.32 meters width slice is
well described in Fig. 1. The 17.3 meters high
‘trouser legs’ (see legend Fig. 1) diaphragm wall is
built in C30/37 reinforced concrete with one-meter
thickness. Three to four circular ROR-type struts
are planned for the horizontal stabilisation of the
wall. Four excavation stages are defined in Figs. 1b
to le on which inclinometer monitoring is planned.
In the current project, only stage S26 (Fig. 1c) was
considered because of the availability of the mea-
surements. A sensitive water pipe is situated a few
meters before the excavation area (Fig. 1a). Move-
ments in this area are only tolerated beneath a spe-
cific threshold (see Tab. 4).

Formation Stiffness Strength Stress state
Eso = Eoed Ey ("2 14 C Ko OCR O ref Ooed,ref M
(MPa) MPa) () () (kPa) () (-) (kPa) (kPa) ()
Fill 15 60 33 3 1 046 1.0 9 20 0.5
Alluvium 50 150 40 10 0 036 1.0 22 62 0.5
FC-Wurm retreat 7 32 30 7 050 1.0 95 190 0.5
WC-Wurm retreat 18 54 31 1 17 048 1.0 96 200 0.5
Moraine 50 150 355 55 21 042 2.0 84 200 0.5
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Figure 1: (a) Diaphragm wall at its final stage with its corresponding stratigraphy. (b to e) Excavation stages
with ROR struts. (f) Isometric view of the 3D slice model on ZSOIL. The change in colour of the wall represents
the boundary between the continuous and the ’trouser legs’ part.

3.2.  Quantities of interest treated as a random vector described by a joint
Referring to Eq. (1), three quantities of interest density probability function X ~ fx. The statistical
were defined for the purposes of the study: horizon-  distributions of soil parameters and the coeflicients
tal wall deflection Uy; the vertical displacement Uy  of variation were established according to the lit-
of the sensible water conduit; the maximal bending erature (Phoon and Ching (2018),TG-C3 (2023)),
moment M of the wall. This involves ¥ € R>. whereas the mean values of the distributions were
defined according to Tab. 1. The relationship

3.3. Soil properties between the secant and the unloading-reloading

The stratigraphy is described in Fig. la. It con-
sists of 5 soil layers, two of which could be prob-
lematic. The Wurm retreats were identified as
sandy and clayey silts with weak strength and de-
formability proprieties. The mean geomechanical
properties are given in Tab. 1. One of the particu-
larities of Geneva soils is the loss of pore pressure
during a change of stress state. This pressure drop
is difficult to be captured by a decoupled model.
To try to capture this effect, we considered the wa-
ter pressure in ZSOIL as a random variable. The
probabilistic characterization of the problem is de-
scribed in the next section. Eso (MPa)

Ey (MPa)

14

3.4.  Uncertainties quantification
Here, uncertainties quantification is understood

as the establishment of a list of parameters being

Figure 2: Relationship between Esy and E,, through
I',,. Dashed lines represent the boundaries of the uni-
form distribution.

4
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modulus was introduced by a scalar I'y; uniformly
distributed between 2 and 7 as shown in Fig. 2.
Such values are commonly encountered (Obrzud
and Truty (2010)). The pore pressure loss was
introduced by considering a multiplier of the water
weight y,, denoted as k. We regarded this factor as
being uniformly distributed between 35% and 85%
based on our experience on other neighbouring
projects. The quantification led to an input of
18 random variables. The distributions families
are described in Tab. 2. This initial input may
be reduced by driving a sensitivity analyses as
described in section 2.3.

Table 2: Statistical distributions and their moments
Parameter fx Parameters or CV
Friction angle LN CV =10%
Cohesion LN CV =20%
Young-modulus LN CV =30%
Ly Uu 2,7
Water table depth N (3.6,0.05)
Water pressure «,, Uu (0.35,0.85)

3.5.  Monitoring and model discrepancy
According to Eq. (9), using a predictor model re-

quires the addition of a discrepancy term. We chose
to separate the measurement error €z, the original

model error € and the meta-model error & "

E=EZ+EM+EY (11)

&z was quantified as the accuracy obtained from
the inclinometer surveys and as the error gen-
erated by smoothing the noisy measurement
data (Fig. 7). Considering a confidence inter-
val of 5% resp. 95% on the accuracy of the
measurements (given as =1 mm), the resulting
standard deviation yields o, = 1.0.

was selected based on personal judgement.
The error was correlated to the magnitude of
the measured settlements with a coefficient of
variation CVg, = 0.20 — o, = CV,, - Z.
This covers the error directly related to the
finite element model (mesh, constitutive law,
etc.).

M

&~ was considered to be zero (Tab. 3).

M
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4. RESULTS AND DISCUSSION

4.1. Sensitivity analyses
Stage 26 Stage 50
| [
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Figure 3: Total Sobol’ indices for the Qol U, at stage
26 and 50, ranging from -25 to 0 metres in depth.

The sensitivity analysis result is presented in
Fig. 3. As the Qol U, depends on the height, we
chose to represent the total Sobol’ indices as a gra-
dient varying from O to -25 m, such as U,(y). Both
stage 26 and stage 50 are shown in Fig. 3. The
Sobol indices show that regardless of the selected
vertical position, the variables affecting the model
response are: X1: Young modulus of the fill layer;
XS: Friction angle of the FC-Wurm retreat; X7 and
X8: Young modulus resp. I'y; of the FC-Wurn re-
treat; X11 and X12: Young modulus resp. T’y of
the WC-Wurn retreat; X18: Water pressure. We
also compared the total indices to the first indices,
similar results were obtained. By personal choice,
we judged variable X1 to be of little relevance to
the study and decided to exclude it. Therefore,
the remaining six parameters are kept as probabilis-
tic variables while the others are set to their mean
value. We defined these six random variables as the
prior.

4.2.  Meta-modelling error

The calculations presented later in this document
will be performed entirely on the PCK-models. The
leave-one-out errors (Allen (1974)) of the PCK are
listed in Tab. 3.
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Figure 4: Bayesian-output plot showing prior and posterior distribution of model parameters.

Table 3: Leave-one-out error LOO x 1074 (-).

Mpck Umax Uy M
Stage 26 6.8 4.0 23
Stage 50 1.2 22 05

4.3.  Bayesian inversion

Figure 6: Picture showing stage 26 of the excavation.

Bayesian inversion was performed at stage 26
when the excavation was as shown in Fig. 6. Us-
ing inversion techniques described in section 2.5,
the prior refinement yields the result shown in
Fig. 4. The Gelman-Rubin criterion (convergence
assessing method introduced by Gelman and Rubin
(1992)) yielded a value of RP = 1.05 which con-
firms the convergence of the MCMC solver. Infer-
ence on the output-sampling set showed that vari-
ables X5, X7, X8, X11 and X12 could be associated
with Lognormal and truncated Lognormal distribu-
tions, whereas X 18 was identified to be a truncated
Gaussian. As shown in Fig. 7, the deformability pa-
rameters show a noticeable tendency to increase the
system’s stiffness. Moreover, the friction angle of
the FC-Wurm retreat switched from a 30° to a 26°
mean. We interpreted this result as follows: our

model is steady-state, so the algorithm was learn-
ing to represent the deformations measured in situ
by converting the long-term into short-term param-
eters by increasing the Young moduli and by de-
creasing the friction angle. By introducing the wa-
ter pressure via the fluid density, we also noted that
the physical interpretation of the posterior of the ge-
omechanical parameters is difficult.

Fig. 7 shows the difference between prior predic-
tions at stage 26 and the posterior prediction after
input parameters calibration via Maximum A pos-
teriori Probability (MAP). In the project schedule,
additional measures are foreseen at stage 33. Al-
though not presented in this study, these measure-
ments will allow refinement and validation of the
result obtained at stage 26.

x Noisy measurment data

Curve fitting

ZSOIL Prior prediction (Water pressure «y, = 60% )

ZSOIL Posterior prediction (Best point estimate)

Depth (m)

ey vy e b

-10 -5 0 5

Displacement Ux (mm)

Figure 7: Prior prediction and MAP at stage 26.
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Figure 5: Probability density function of the Qol at finale stage 50 with receptive maximal threshold.

4.4. Reliability analyses
Considering Eq. (7), failure criteria must be

defined to perform a reliability analysis. For the
current project, the following maximal thresholds
in absolute value have been defined :

Table 4: List of the failure functions g(X).

U, (mm) Uy(mm) M (kNm)
8(X) 45— | Uxmax | 20— | Uy | Mpa— | M |
where Mpg; = 17°700 (kNm) is the bending

strength of the 4.32 meters width slice defined as
design value.

Propagating the prior and the posterior uncer-
tainties led to the result shown in Fig. 5. The
distributions shown in the same figure were
obtained by running 10° model evaluations and
are to consider only for visualization purposes.
Probabilities of failure P;; were obtained with
107 model evaluations. According to the fixed
failure functions, the probabilities of failure listed
in Tab. 5 were computed.

Table 5: Probabilities of failure in % according to the
thresholds fixed in Tab. 4.

Uy(mm) U,(mm) M (kKNm)
Prior 53.0 7.3 0.0026
Posterior 0.05 0.0036 <107

Given the failure probabilities obtained in Tab. 5,
the suppression of the fourth row of struts initially

planned can be proposed. However, at the time of
writing this article, we were waiting for new mea-
surements to confirm the model’s predictions.

5. CONCLUSION

The present contribution proposes a Bayesian
analysis based on the horizontal deflection of a
concrete diaphragm wall. After having performed
a sensitivity analysis, meta-modelling techniques,
Bayesian updating and reliability analyses, the

principal findings of the study are listed as follows:

(1) Impacting factors on the quantities of interest
are principally located in the few consolidated
Wurm retreat with weak strength and deforma-
bility properties.

(2) Our numerical model has learned to represent
reality with sufficient accuracy. However, the
physical interpretation of the posterior vari-
ables is difficult due to the nature of the origi-

nal model (steady-state).

(3) The posterior failure probabilities were suffi-
ciently low to allow the proposal of design op-
timization, i.e., the suppression of the fourth

struts row.

As the project stands, the next task will be to
verify the predictions using the new measurements
from stage 33. We consider this validation to be
mandatory in order to guarantee structural safety
and serviceability thresholds. A step forward would
be to reconsider our numerical model by turning it
into a fully coupled consolidation model.
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