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ABSTRACT:

Back analysis can provide engineers with important information for better decision-making.
Over the years, research on back analysis has focused mainly on optimisation techniques, while
comparative studies of data interpretation methodologies have seldom been reported. This
paper examines the use of three data-interpretation methodologies on the performance of
geotechnical back analysis. In general, there are two types of approaches for interpreting model
predictions using field measurements, deterministic vs population-based, both of which are
considered in this study. The methodologies that are compared are (a) error-domain model
falsification (EDMF), (b) Bayesian model updating and (c) residual minimisation. Back
analyses of an excavation case history in Singapore using the three methodologies indicate that
each has strengths and limitations. Residual minimisation, though easy to implement, shows
limited capabilities of interpreting measurement data with large uncertainty errors. EDMF
provides robustness against incomplete information of the correlation structure. This is
achieved at the expense of precision, as EDMF vyields wider confidence intervals of the
identified parameter values and predicted quantities compared to Bayesian model updating. In
this regard, a modified EDMF implementation is proposed which can improve upon the
limitations of the traditional EDMF method, thus enhancing the quality of the identification

outcomes.

KEYWORDS:
Excavation, Back analysis, Parameter identification, Bayesian updating, Observational method,

Finite-element analysis
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1. INTRODUCTION

Construction activities for underground structures are usually monitored. The rich information
embedded in field-response measurements can be used to enhance knowledge of material
parameter values and the overall behaviour of underground structures, leading to a potential
reduction in construction risks and costs. The procedure whereby material parameter values are
estimated from field-response measurements is often called back analysis, which is an essential
step for implementing the observational method (Hardy et al'®; Peck®?).

Four components are needed for an effective implementation of back analyses. These include
(a) a calculation model (b) field-response measurements (c) a data interpretation methodology
and (d) an optimisation technique. A data-interpretation methodology is defined as the
methodology that determines how model predictions are assessed and interpreted given field-
response measurements. An optimisation algorithm is used to facilitate the search for solutions
based on the interpretations specified by the data-interpretation methodology.

Over the years, research into geotechnical back analysis has focused mainly on optimisation
techniques. The performance of optimisation techniques, such as gradient-based techniques
(Finno and Calvello'?), Heuristic algorithms (Levasseur et al?’; Knabe et al?*), surrogate-based
optimisation (Qi and Zhou®; Pai et al*®; Zhang et al*®) and multi-objective optimisation (Huang
et al'®; Jin et al?®), has been studied in the context of geotechnical back analysis. A comparative
study on the performance of these optimisation algorithms has also been reported (Yin et al*4).
Despite receiving less attention to date, other data-interpretation methodologies, such as
probabilistic approaches, play an important role because they determine, in the presence of
uncertainty, how model predictions are assessed and interpreted given field-response
measurements. Only when model predictions are interpreted in a reliable manner can the
benefits of advanced optimisation techniques be fully realised. There are in general two

approaches for interpreting field measurements using model predictions, deterministic and
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population-based approaches. Residual-minimisation (Finno and Calvello'?; Jofre??; Ledesma
et al?®) is a deterministic approach that is commonly reported in the literature, while Bayesian
model updating (Juang et al*’; Qi and Zhou®) is the most commonly adopted population-based
approach. More recently, the population-based error-domain model falsification (EDMF)
methodology, which was previously used for bridge engineering (Cao et al®; Goulet et al'®;
Proverbio et al*%), leakage detection (Moser et al*®) and wind engineering (Vernay et al*?), has
also been applied and adapted for geotechnical excavation back analysis (Wang et al*®). To
date, however, these methodologies have not been systematically compared for the same
geotechnical back analysis case.

In this paper, a comparative study of methodologies involving residual minimisation, Bayesian
model updating and error-domain model falsification is presented. Field measurements from
an excavation case history in Singapore are used to provide information for data interpretation.
Results are presented and discussed to highlight the strengths and limitations of each
methodology. Arising from this study, a modified EDMF implementation is also proposed,
and improved performance is illustrated through a comparison with the results from the

traditional EDMF implementation.

2. DATA-INTERPRETATION METHODOLOGIES

2.1.  Error-domain model falsification (EDMF)

This method was developed based on the assertion of Sir Karl Popper in The Logic of Scientific
Discovery (Popper®) that models cannot be fully validated by data and that they can only be
falsified. In the context of EDMF, the analysis starts from an initial population of material
parameter sets. The falsification process is then carried out to eliminate parameter sets that do
not yield predictions compatible with field-response measurements, based on some pre-defined

acceptance criteria. The remaining non-falsified parameter sets, which are termed candidates,
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are considered as viable inputs for use with the numerical model to assess the behaviour of the
actual system. In this regard, EDMF often yields a solution that comprises a population of
candidates. The more detailed mathematical formulation is provided below.

A plausible physics-based model defined by ne parameter values and a model class Gk can be
identified using information provided by field-responses measurements. In the context of an
excavation problem, such measurements may take the form of a retaining wall deflection
profile obtained from inclinometer readings taken at ny number of measurement locations. Let
Ri and ¥ denote the real response and the measured response respectively at locationi €{1, ...,
nv}. Values for ®'x, which correspond to the true parameter values, can be assigned to obtain
predictions gik (®'«) of the model class at location i. Modelling uncertainties arising from model
simplifications and omissions and measurement uncertainties are expressed as Uigk and Uiy
respectively at location i. The mathematical relationship between these quantities is given in

Equation 1:

8, (@)t Uiy =Ri=§,+ Uiy Vi€{l,...ny} 1)

Upon rearrangement, the Equation 2 is obtained:

gi,k (®vk) 'yi:Ui,ck (2)

where Ui is a random variable representing the difference between the measurement
uncertainty U; ; and the modelling uncertainty Ui g at location i.
The left term of Equation 2 represents the difference between model prediction and

measurement data at location i. This term is typically called the residual ri. The probability
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density function (PDF) describing the modelling uncertainty in the model class fui gk(Uigk) can
be estimated and applied in the analysis.
The implementation of EDMF starts with the definition of an initial model set, which contains

ng model instances Qx = {Okm, m = 1,..., no}. Threshold bounds are then defined by

computing the narrowest interval {uiow, Uinigh} that represents a probability equal to @é/ ™ for
the combined PDFs fuic(uic) at each measurement location i. This computation is performed

using the following equation:

1n, Ui high
Q"= fio, (wic)duie Vi €{1,...,n} (3)

Ui low

A value of 0.95 for the confidence level @q € [0,1] is commonly employed. The confidence
level @q is adjusted using the Sidak correction (Abdi’; Sidak*°) to take into account the fact that
ny measurement locations are simultaneously considered. Uniform probability distributions
create a hyper-rectangular acceptance region. Under this scheme, the correlation information
between sensor locations is no longer needed, which is particularly helpful because it is often
difficult to determine the correlation values between sensor locations. Goulet et al*® have
shown that this scheme is conservative in many situations. Falsification is then performed

according to the following equation:
Q={0, € | V; €{1,....n} Uj 1o < 2. (610 §; < Ui pign} (4)
where the candidate model set (CMS), Q;, is made up of all model instances that have not been

falsified. An instance ©* of a model class Gk is a candidate model if for each sensor location

i €{1, ..., ny}, the residual ri value falls inside the threshold bounds derived from Equation 3.
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All model instances that belong to the CMS are assigned a constant probability, as it is often
difficult to justify a more sophisticated distribution in practical situations.

In large-scale, multi-staged excavations, a continuous falsification and prediction framework
can be established. At an early or intermediate point in the excavation process, it is often useful
and desirable to perform back analysis with field-response measurements and predict the field
responses of subsequent excavation stages with the identified material parameter values. In the
context of EDMF, predictions are made with all candidate models. Detailed mathematical
development of EDMF can be found in Goulet and Smith*® and the implementation of it on a

multi-stage excavation problem can be found in Wang et al*.

2.2.  Bayesian model updating

Bayesian model updating starts from the evaluation of the likelihood function, which is defined
as the joint probability that the residuals r are equal to the values computed with a given set of
material parameter value, modelling uncertainty and measurement uncertainty. Following the

notation in Section 2.1, the likelihood function can be expressed in Equation 5:

1 pye TC-I N
P(hy, O)= Texp{2( o) (e ) -
272 |C|2

where r denotes the difference between model predictions and measurement data. Equation 5
is formulated based on the case wherein observations of multiple points are available and the
modelling and the measurement uncertainties are normally distributed. Therefore, the

combined uncertainty U also follows a normal distribution with mean o which is the sum

of the mean of all modelling and measurement uncertainties, and standard deviation oy,

which is the square root of the sum of the variance of all uncertainties. The joint probability of
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residuals at multiple measurement locations can then be calculated with a chosen correlation
matrix C, which describes the dependency of uncertainties at these measurement locations.
Two correlation schemes are examined in this study. The first scheme assumes independence
or zero correlation. This scheme suggests that the magnitudes of the uncertainties at
measurement locations are independent from each other. The second scheme adopts a
correlation matrix following the work of Qi and Zhou®® and Ledesma et al®. The effects of
correlation matrix will be discussed later in this paper.

The correlation structure C is an input for the evaluation of the likelihood, and has to be
estimated before the posterior distribution can be obtained. In Bayesian methodology, it is
assumed that the correlations are independent from the magnitude of the uncertainties.
According to Qi and Zhou®® and Ledesma et al?®, the correlation structure may be calculated as

follows:

min(i,j)

m=1

where

C;; is the covariance of the measurement uncertainties at point i and j,

o is the standard deviation of the inclinometer, which can be estimated following the work

of Finno and Calvello!?, and

L., is the distance between two neighboring measurement points, which is 1m in the

current study.
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In the Bayesian framework, the posterior distribution, which describes the conditional
probability of the material parameter values given the field-response measurements, can be

calculated using Equation 7:
P(F) = ki - p(py  C) - p(C) 7)

where k; is a normalization constant that makes the probability density function valid, and
p(€2y) represents the prior probability density function of the material parameter values to be
identified. In the current study, the prior probability density function is assumed to be
uniformly distributed. Also, both the modelling and measurement uncertainties are explicitly
included in the evaluation of the likelihood function, which provides a basis to compare results
from the Bayesian model updating approach with those obtained from EDMF analysis. In this
paper, the implementation of the Bayesian model updating calculations is facilitated by the use
of the Markov-chain Monte-Carlo simulation and the Metropolis-Hastings algorithm, in
conjunction with the response surface method. Details of the implementation can be found in

Juang et al*” and Qi and Zhou®®.

2.3.  Residual minimization

The residual minimization approach usually follows the weighted least-squares criterion,
which aims to find a single set of parameter values that produces the minimum absolute error
between numerical predictions and measurements. Finno and Calvello®® reported its

application to an excavation back analysis problem. The objective function is expressed as:

S(@)=Tg,, () - 9,1 0| g, () - 3| =t "or, (8)
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where w is the diagonal weighting matrix whose values correspond to the inverse of the
measurement error variances. It is noted that the implementation reported by Finno and
Calvello* does not include errors associated with modelling uncertainties.

In addition to measurement errors, the residual minimisation implementation in this study also
accounts for errors due to modelling uncertainties. Both measurement and modelling
uncertainties are assumed to be normally distributed, and their respective mean values are
adopted as the measurement and modelling errors for the deterministic calculations. The

modified objective function is expressed in Equation 9:
S(Qk):[gi’k(gk) - “Ui,ck - 9i]Tm [ gi’k(Qk) - HUi,ck - yl] :riT(Dri (9)

Such a formulation allows a non-zero mean estimate of the modelling uncertainties to be
included in the analysis, which is consistent with the consideration of such modelling errors in
both the Bayesian model updating and the EDMF approaches.

The search for the optimal solution is facilitated by the response surface method, which will be
explained later. The search starts with a dense grid of parameter values, from which several
local minima may be identified. It is noted that the search-based objective function associated
with the absolute minimum derived from the original grid may not necessarily correspond to
the global minimum. For this reason, refined searches are performed in the vicinities of the
various local minimum zones identified. Such refinements around the local minima are carried
out to account for the possibility that the parameter combination that gave the best objective
function value may be located near a local minimum of the initial grid. The refinement is

repeated for each local minimum three times. The final parameter combination is taken as the
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one that gave the best objective function values across the refined grids of all the local minima.

A similar procedure has been reported by leronymaki et al?% 2L,

3. CASE STUDY

Back-analyses of an excavation case history in Singapore are performed using the three data-
interpretation methodologies described in Section 2. The geotechnical finite-element software
package Plaxis 2D (Brinkgreve et al®) and Plaxis 3D (Brinkgreve et al”) are used to model the
excavation and the wall deflection response. Due to the large number of simulations required,
the response surface method is adopted to facilitate the search of solutions. Three-dimensional
excavation effects arising from the corner constraints are quantified using the approach

proposed by Wang et al*.

3.1.  Project description

The excavation is approximately 60m in length, 40m in width and 10m in depth. The support
system of the excavation includes diaphragm walls, soldier pile walls, toe pins and two layers
of steel struts and waler beams. Figure 1 shows the 3D finite-element model. The 800mm thick
diaphragm walls are modelled as elastic plate members. The reduced lateral stiffness of the
diaphragm walls due to the presence of construction joints (Dong et al*®; Zdravkovic et al*%)
between panels is captured by releasing the rotational stiffness between the plates, following
Lee et al?®. Along certain sections of the excavation, the top 1 to 3m of the diaphragm walls
are replaced by soldier pile walls, comprising grade 355 steel universal column sections and
75mm thick concrete panels. The toe pins, which extend 2m below the toe of the diaphragm
walls, consist of grade 355 circular steel hollow sections placed at 800mm spacing. As a
simplification, the toe pins and the soldier pile walls are smeared and modelled as elastic plate

members with equivalent properties. Struts and waler beams are modelled as node-to-node
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anchors and beam elements respectively. Interface elements with zero thickness (Brinkgreve
et al” ®) are used to model the soil-wall interactions. The properties of all structural elements
are listed in Table 1.

The soil stratigraphy in the 3D model was based on the information obtained from six boreholes
drilled at this site, which is situated on the Bukit Timah Granite formation. The top layer, which
is roughly 3m in thickness, contains mostly sandy silt and man-made backfill materials. It is
underlain by a 10 to 13m thick residual soil layer of sandy silt, denoted as G(V1), across most
parts of the project site. The granitic rock layer G(l11) is present at approximately 15m below
the ground surface. On the eastern half of the project site, there is also a 5m thick layer of
coarse sand sandwiched between the G(V1) sandy silt and G(l11) granitic rock. In addition, the
Sl report indicates that a pocket of medium to coarse gravels is present at a localised area near
the centre of the pit.

Figure 2 shows the 2D finite-element model of the west-to-east middle section of the
excavation. The idealized 2D soil profile, excavation support system and boundary conditions
are also shown in the figure. Roller supports are assigned to vertical boundaries while the base
of the model is fully fixed. The fill layer and the gravels are described using the Mohr-Coulomb
model while the rock layer is described using the Hoek-Brown model. Other soil layers are
simulated using the Hardening Soil with Small Strain Stiffness (HS Small) model (Benz®).
Representative soil parameters for the Bukit Timah formation (Rahardjo et al®"*°) are adopted
and listed in Table 2, except for the grey shaded cells which indicate the parameters to be
identified.

In this study, four parameters are selected to be identified. They are (a) the Young’s modulus
E (MPa) of the fill layer, (b) the reference Young’s modulus EXf(MPa) of the G(V1) sandy silt

layer, (c) the reference Young’s modulus EX/(MPa) of the coarse sand layer and (d) the

equivalent flexural rigidity EI (kNm?) of the smeared soldier pile walls. These four parameters
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are selected based on the results of a sensitivity analysis. Preliminary estimated ranges of these

parameter values at the start of the identification process are indicated in the shaded cells of

ref

Tables 1 and 2. Other Hardening Soil model reference moduli, e.g. Ef,, " and GXT of the

ref

sandy silt and coarse sand layers are correlated to E5;, as shown in the tables. The initial water
table is 2m below the ground level.

The construction sequence modelled in the finite-element analysis comprises 6 stages, as
shown on Table 3. As the soil layers are inclined with varying thicknesses, the initial ground
stresses in stage OA are generated using the gravity turn-on approach. The diaphragm wall is
‘wished-in-place’ in stage 0B, assuming negligible installation effects. Fully coupled flow-
deformation calculations (Galavi'#) are performed to account for the combined time-dependent
effects arising from groundwater seepage and consolidation. As indicated in Figures 1 and 2,
wall deflection measurements of inclinometers 04 and 09, located at the east and west sides of

the excavation respectively, are included in the back analysis.

3.2.  Response surface method

Back analysis involves repeated evaluations of the finite-element model using different
combinations of the material parameters to be identified. Depending on the number of
parameters and the initial ranges adopted, the number of combinations, and hence finite-
element simulations, may run into the thousands, which is impractical from a computational
point of view. To reduce the computational time to a manageable level, the response surface
method may be used as a surrogate for the finite-element analysis. In this method, a smaller
but adequate number of 2-D finite element analyses are first performed to obtain mathematical
functions that can reasonably relate the material parameters of interest (e.g. Young’s modulus
E of the fill layer) to the field quantities of interest (e.g. wall deflection at a given depth). Such

mathematical functions are then used in the back-analysis to obtain predictions of the field
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quantities of interest for several thousand combinations of the material parameters, which can
tremendously reduce the computational effort by obviating the need to perform finite element
analyses for all these cases.

In this study, the three-dimensional excavation effects are quantified following the approach
of Wang et al.*3. In this method, the 2D finite element model and its associated response
surfaces are used to perform the bulk computations of the back analysis for parameter
identification. The construction of the response surface starts from the generation of initial
sampling points. In the current study, initial sampling points are generated by combining (i)
the central composite design (Ahmadi et al?), which generates 36 samples of material parameter
combinations, and (ii) Latin Hypercube sampling technique (Stein*!), which generates an
additional 100 combination samples. In total, these provide 136 parameter combinations for
which 2D finite element analyses are performed and the results used to construct the response
surfaces. The results of the 136 finite-element analyses are mathematically related to the four
parameters to be identified using the Gaussian process regression model (Rasmussen®), which
was found to perform better than the polynomial regression model and radial-basis function
method for this study. The machine learning toolbox in Matlab was used to generate the
regression models with a quadratic basis function and an exponential kernel function, which
performed better than other settings available in Matlab.

As the back analyses involve wall deflection measurements made at different excavation stages
and multiple measurement locations/depths, it is necessary to generate multiple response
surfaces, each corresponding to a particular excavation stage and measurement location/depth.
In this study, the wall deflections measured by inclinometers 04 and 09 are used, and their
locations are indicated in Figures 1 and 2. A total of 106 response surfaces are needed to cover

all measurement points of the four excavation stages. These response surfaces are then
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validated using an additional 50 combination samples of the four parameter values that are not

used in the construction of the response surfaces.

3.3.  Quantification of the three-dimensional effects of excavation

As shown in Figures 1 and 2, the box-shaped geometry of the excavation are expected to
introduce corner constraints, the effects of which cannot be captured using the 2D model (Ou
et al®'). While 3D analyses can be performed to generate response surfaces that account for
such corner effects, the large number of 3D simulations required makes this an impractical
option. The method proposed by Wang et al.*® quantifies corner effects approximately using
2D analysis by introducing an error term to the wall deflection obtained from the plane-strain-
based computations. At any particular measurement depth and excavation stage, the specific
error term is calculated as the difference between the 2D and the 3D finite-element wall
deflections (= 2Dre wall deflection — 3Dre wall deflection). Wang et al.** showed that, using
this method, it is possible to approximately quantify the three-dimensional effects at all
measurement locations and excavation stages by performing only two 3D finite element

analyses.

4. COMPARATIVE STUDY

A sound back analysis should (a) identify reasonably accurate parameter values and (b) provide
good predictions of the quantities of interest. In the subsequent sections of the paper, the
performance of all three data-interpretation methodologies is independently assessed from
these two perspectives.

During underground construction, it is often useful and desirable to predict the field responses
of later excavation stages using measurements from the early or intermediate excavation stages.

In the current study, four major excavation stages are considered. Hence, a back analysis can
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be performed after each major excavation stage. In the subsequent discussions, the term 1%
round of identification’ refers to the back analysis performed after excavation stage 1, using
only wall deflection measurements of excavation stage 1. Similarly, the term 4™ round of
identification’ refers to the back analysis performed after excavation stage 4, wherein wall
deflection measurements of excavation stages 1 to 4 are utilised.

All three methodologies adopt the same set of modelling and measurement uncertainties. These
uncertainty sources include inclinometer errors, model simplification from 3D to 2D, errors
arising from the use of response surfaces, and others. The magnitudes of these uncertainties are
obtained from the values reported in the literature (Goulet et al*®; Finno and Calvelo'?) and
quantification methods proposed (Wang et al*®). Examples of typical uncertainty ranges

computed based on Equation 3 are shown in Table 4.

4.1. Results of Bayesian model updating

In the current study, 5000 Markov chain samples were simulated. The scaling factors adopted
in the Markov chain simulations were determined based on a trial-and-error approach, which
was guided by checking the means and the standard deviations of the posterior distributions as
a function of the number of Markov chain samples. The scaling factors determined are
reasonable, with the means and the standard deviations of the posterior distributions converging
to stable values within the 5000 Markov chain samples simulated.

As discussed in Section 2.2, the effects of the correlation matrix on the performance of the
Bayesian approach will be examined. Two correlation schemes are implemented in this study,
one assuming independence (or zero correlation) while the other follows the proposed
correlation of Qi and Zhou®® and Ledesma et al?®®. The non-zero matrix of correlation

coefficients at selected measurement points are shown in Table 5.
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Figure 3 shows posterior distributions of the four identified parameters obtained via Bayesian

analysis using measurement data from all four excavation stages. It is noted that, apart from
the EX! value of the silt layer shown in Figure 3b, the posterior distributions differ quite

significantly for the two correlation schemes. The mean values of E of the fill layer, EX! of the
sand layer and EIl of the soldier pile wall differ by approximately 90%, 75% and 40%
respectively across the two correlation schemes. Figure 3 also shows the typical parameter
values estimated using empirical correlations with blow count data (N values) from standard
penetration tests (SPT). Two typical correlations, 1.5 times the SPT-N value and 2 times the
SPT-N value, are considered. Comparing the results of the Bayesian analysis with the
empirically estimated parameter values, the zero correlation assumption appears to yield values
that are better in line with the empirical estimates. In addition, parameter values identified with
the zero correlation scheme are also more consistent and in line with laboratory and field test
values reported by Leung et al?®; Moon et al?®; Zhang et al*’ on similar soil types.

Figure 4 shows, for the case of non-zero correlation, the mean and the 95% bounds of the
predicted wall deflection profiles of ID 09 and ID 04 at the final excavation stage, after each
round of identification. The bounds are calculated considering both the modelling and the
measurement uncertainties. From the upper row of subplots for wall 1D 09, it is seen that the
mean predictions of wall ID 09 for each stage can capture the bulging wall profile quite
reasonably. While the first three rounds of identification tend to under-predict the maximum
wall deflection at the final excavation stage by about 20 to 30%, the 4" round of identification
leads to a good overall prediction with the maximum deflection under-estimated by about 10%.
Although the mean predictions tend to under-estimate the measurements, the 95% bounds of
the predicted wall deflection profiles reasonably enclose the measurements.

In contrast, the lower row subplots of Figure 4 show that the agreement between the predicted

and measured deflection responses of wall ID 04 are not as good. This could be due in part to
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the ‘composite’ wall section at ID 04, which comprises a flexible soldier pile wall for the top
3m and a much stiffer diaphragm wall below, as delineated by the horizontal line at Reduced
Level 121 in subplots (e) to (h) of Figure 4. The presence of the more flexible soldier pile wall
results in larger measured deflections near the top of wall ID 04, so that the profile exhibits two
peaks, instead of the more typical bulging profile of ID 09. However, the Bayesian predictions
for ID 04 do not exhibit such a double peak profile. Furthermore, for both ID 04 and ID 09, the
upper bounds of the predicted peak deflections fall very close to the measurement data in the
2" and 3" round of identification. This trend persists for ID 04 even after the 4" round of
identification, despite incorporating measurement data from the final excavation stage itself.
While the Bayesian model updating results are generally reasonable in that the measured
deflections of IDs 04 and 09 as a whole fall within the two computed bounds, the proximity of
the ID 04 maximum measured deflections to the predicted upper bound suggests that the
predictions of 1D 04 are less effectively updated as compared to those of 1D 09.

An examination of the likelihood values computed by the Bayesian analysis reveal a possible
reason behind the observed issues related to wall ID 04 highlighted in the previous paragraph.
The process of Bayesian model updating involves the calculation of the likelihood function,
which is defined as the joint probability of the measurements with a given set of material
parameter values, modelling uncertainty and measurement uncertainty. In the current example,
measurement data from two separate inclinometers (ID 04 and 1D 09) are lumped together and
considered simultaneously in the analysis, which resulted in some measurement points from
ID 09 exerting a stronger influence in the calculation of the joint likelihood. A total of 106
measurement points are considered in the 4™ round of identification. Among these 106 points,
only 11 measurement points are associated with wall ID 04 at the final excavation stage. It
turned out that the calculated joint likelihood from the Bayesian analysis does not differ much

with and without the consideration of these 11 points, which suggest that they have weak
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influence on the model updating calculations. In contrast, the differences in the joint likelihood
computed with and without consideration of the final excavation measurements of wall ID 09
are more significant.

An additional Bayesian analysis is performed for the same excavation, but this time using only
the measurements of wall 1D 04. Figure 5 shows the comparison of the computed and measured
wall deflections for walls ID 04 and ID 09 after the 4™ round of identification. Despite using
only measurement data of wall 1D 04, the predicted mean wall deflections of ID 04 and ID 09
agree reasonably well with the measured profiles. In fact, the improvement is quite significant
for wall ID 04, in which the overall shape and magnitude of the deflection profile is quite well
captured (compared to Figure 4) by the mean predictions. Figure 5 also shows that the Bayesian
analysis is able to provide reasonable predictions of both the bounds and mean deflections at
wall ID 09, even though the measurement data at this location was not considered in the model

updating calculations.

4.2.  Results of EDMF

The mathematical formulation of EDMF seeks to address the correlation-related issues
encountered in Bayesian model updating. As explained in Section 2.1, Sidak correction and the
rectangular acceptance region are implemented in EDMF analyses to circumvent the need for
correlations. The use of such techniques produces exact results under independent or
uncorrelated conditions, and conservative results when correlations exist (Farcomeni®®; Goulet
et al'®; Sidak*®). In the current study, 20,000 initial model instances corresponding to different
parameter combinations are generated, and the associated wall predictions are made using the
response surfaces generated from the 136 2D-finite element simulations discussed in Section
3.2. EDMF analyses are then performed to identify candidate models from these initial model

instances.
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Figure 6 shows the parallel-axis plot of the identified parameter values after the 4™ round of
identification. Such a plot provides a way to visualise the values and trends of the identified
parameters. The horizontal axis contains, at discrete spacing, four vertical axes corresponding
to the four parameters to be identified. Each vertical axis plots the values of the corresponding
parameter which it represents. A parameter combination set is represented by a line that
connects the parameter values across the four vertical axes. Figure 6 contains 20,000 grey lines
representing the 20,000 initial model instances, with the red dashed lines representing the 678
candidate models identified after the 4™ round of identification.

As plotted on the 2™ vertical axis from the left, the identified EXI values of the G(V1) silt layer
fall into two clusters. The first cluster contains parameter values ranging from about 14MPa to
30MPa, while the second cluster comprises a smaller range of values between 47MPa and
50MPa. There is thus a conspicuous gap in the EX! values between 30MPa and 47MPa. To
check if this gap is due to inadequate sampling, the EX! values between 30MPa and 45MPa are
sampled at smaller intervals for the EDMF analysis. Even with such sampling refinements, the
gap in the identified E%' values still persists, indicating that its presence is not caused by

inadequate sampling. Among the two clusters, the identified EX values of about 47 to 50MPa
contained within the second cluster appear to be too high based on the average measured SPT-
N value of about 18 for this G(V1) silt layer. Furthermore, parameter values reported in the
literature (Leung et al?®; Moon et al?; Wang et al*3; Zhang et al*) suggest that this parameter
should not exceed 35MPa. The identified silt layer EX! values of 47 to 50MPa in the second
cluster are thus likely to be erroneous. As discussed below, the parameter values in the second
cluster are examples of Type Il errors in statistical hypothesis testing.

In the current study, measurement data at multiple depths along the wall are utilized for
parameter identification, the process of which involves performing multiple hypothesis testing.

Table 6 summarizes all possible outcomes of a multiple hypothesis test. While the null
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hypothesis can be either true or false, the outcome of the hypothesis testing can indicate the
null hypothesis to be false even though it is actually true. When this happens, a Type | error is
committed, which is denoted as Nip in Table 6. Conversely, the outcome of the hypothesis
testing can indicate the null hypothesis to be true even though it is actually false. This results
in Type Il errors, which is denoted as Nop in Table 6. In this respect, the Sidak correction
conservatively limits the probability of committing a Type | error by reducing the significance
level of each individual test (Farcomeni®). However, type Il errors are more likely to be
committed. To improve the quality of predictions, it is important to minimize the population
of Type Il errors. In this study, an improved EDMF implementation that aims to reduce the
number of Type Il errors being committed is proposed and described in Section 5.

Figure 7 shows the parameter values identified by EDMF analysis, together with the posterior
distributions obtained by Bayesian model updating. In general, the ranges of parameter values
identified with EDMF are larger than the corresponding posterior distributions identified with
the Bayesian approach. In fact, the EDMF analysis identifies parameter bounds that span the
two posterior distributions calculated by the Bayesian analysis. This is not unreasonable given
that the EDMF approach adopts a rectangular acceptance region, which implicitly allows all
possible correlation configurations.

Figure 8 shows the the mean and the 95% bounds of predicted wall deflections at the final
excavation stage after each round of identification. Compared to the predicted wall deflections
shown in Figure 4 using the Bayesian technique, the EDMF analyses produce improved
agreement between the predicted and measured wall deflections, especially for wall ID 04. This
is reflected in the EDMF predicted mean deflection profile of ID 04, which shows reasonably
good agreement with the measurement data. This is in contrast to the trend shown in Figure 4,
wherein the measured maximum deflections fall closer to the predicted upper bound from the

Bayesian analysis. The EDMF methodology requiring that the falsification check be
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individually performed on each and every measurement point ensures that the measurement
data at all measurement locations are accorded equal weightage. This is different from the
Bayesian approach which evaluates a joint likelihood value for all measurement data. Such a
function may be insensitive to the contributions of certain sets of measurement data, as was
noted in Section 4.1 in which the effect of the ID 04 data was overshadowed by that of ID 09
when both sets of measurements were considered simultaneously. The comparison of
predictions and bounds shown in Figure 4 and 8 indicate that EDMF produced improved results
when measurement data of two inclinometers at different locations are simultaneously utilised
for interpretation.

Figures 8e, 8f and 8g show that, after the first three rounds of identification, the mean
predictions of the ID 04 wall deflections for the final excavation stage exhibit wall movements
near the ground level that are larger than the measured values. These discrepancies indicate
that the identified material parameters after the 3" round of identification, which are based only
on wall measurements taken from stages 1 to 3, are not sufficiently accurate to produce good
predictions of the wall behaviour at this zone. With the additional deflection measurements
from the final excavation stage included in the analysis, Figure 8h shows that the predictions
near the top of wall ID 04 are improved.

In addition, the slightly wider bounds in Figure 8 as compared to those in Figure 4 indicate that
EDMF predicts slightly larger variations in wall deflections. This is consistent with the larger
variations in parameter values among the EDMF candidate models compared with the posterior

distributions of Bayesian analyses, as shown in Figure 7.

4.3.  Results of the residual minimisation approach
Using the residual minimization approach, the parameter values identified after 4" round of

identification are shown by the dotted lines in Figure 9. Being a deterministic approach, the
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residual minimisation method identifies a specific and unique combination of material
parameter values, and therefore information on the variations in the parameter values are not
available. Figure 9 shows that the E%! values of silt layers and EX! values of sand layers are
reasonably compatible across the three data-interpretation methodologies. However, there are
differences in the E values of fill layer and EI values of soldier pile wall. Such differences
could be caused by inclinometer errors, which accumulate upward from the toe of the wall to
the ground level. Deflection measurements taken near to the fill layer and the upper soldier pile
wall are therefore subjected to larger measurement uncertainties, which, according to Equation
9, will be weighted less than the deeper measurements, which have smaller errors. Therefore,
the E values of the fill layer and EI values of the soldier pile wall, which are both located in
the shallower zones where measurement errors are likely higher, may not be effectively
identified. In contrast, population-based approaches such as EDMF and Bayesian model
updating can account explicitly for the mean and standard deviation of the uncertainties, and
hence are better able to identify reasonable ranges of the material parameters.

Figure 10 shows the predicted wall deflections at the final stage of excavation after each round
of identification using the residual minimization approach. After the 3 and 4™ round of
identification, the predicted deflection profiles of wall ID 09 agree quite well with
measurements, and are also quite similar to the Bayesian mean predicted deflections shown in
Figure 4. However, the residual minimization predictions for wall ID 04 are not as good,
especially near the top where the soldier pile wall is present. This observation is similar to the
Bayesian results shown in Figure 4. As the residual minimization objective function evaluates
the sum of the squared residuals of all measurement points, it is also likely that some data, in
this case the 11 measurements of wall ID 04 at the final excavation stage, exerts a much smaller
influence on the objective function compared to ID 09. This accounts for the discrepancies

between the predictions and measurements for wall 1D 04.
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5. A MODIFIED EDMF IMPLEMENTATION

A modified EDMF implementation is proposed in this section. It addresses the issue
encountered in Section 4.2, where two clusters of EXf values are identified for the silt layer

using the conventional EDMF approach. The higher EX! values contained in the smaller cluster
are postulated as being Type Il errors arising from the use of the Sidak correction technique
when performing multiple hypothesis testing.

The work of De et al.!? is perhaps the first to propose the use of the Benjamini-Hochberg (BH)
correction technique (Benjamini and Hochberg®) as an alternative to Sidak correction in EDMF
analysis. However, their validations were performed on conceptual problems under idealized
problem settings and known values of the parameters to be identified. In contrast, full-scale
engineering challenges are seldom so well-defined. In the following section, both traditional
Benjamini-Hochberg correction (Benjamini and Hochberg®) and adaptive Benjamini-
Hochberg correction (Benjamini and Hochberg*; Benjamini et al.®) will be implemented for the
EDMF analysis of the present excavation case study. A comparison of identification results

with these three correction techniques are also presented.

5.1.  Challenge of multiple measurements

The Sidak correction, which is conventionally adopted in the EDMF implementation, keeps
the probability of committing a Type | error at an acceptable level (e.g. 5%) by adjusting the
bounds of the individual test when there is more than one measurement. The increasing number
of measurements reduces the significance level of the individual tests, and hence the bounds of
the individual tests are pushed farther back along the tails of the null hypothesis distribution.
While this maintains the overall reliability of identification at 5%, it may also result in the
occurrence of more Type Il errors. To address this limitation, Benjamini and Hochberg® *

proposed a correction technique that restrains the false discovery rate, defined as the expected
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ratio of erroneous rejections to the number of rejected hypotheses. The use of the BH correction
technique results in an improved restraints on the Type Il errors, without adversely affecting
the avoidance of a Type | error. In other words, the BH correction allows for a stronger
rejection power than the Sidak correction and hence, its use will result in a smaller candidate

model set because fewer Type Il errors are committed.

5.2.  Adaptive Benjamini-Hochberg correction

In contrast with the traditional Benjamini-Hochberg correction which adopts a fixed correction
procedure, the adaptive Benjamini-Hochberg correction involves the estimation of the
proportion of the null hypotheses that are actually true. These hypotheses are labelled as Mo.
The estimation can be visualized through a graphical approach. The procedures are summarised
by Benjamini and Hochberg* as follows:

a) Calculate the p-values, which defines the probability that the null hypothesis is true,
of all residuals given the combined uncertainties, and arrange the p-values from
smallest to the largest. In this study, they are annotated as pi, p(+1),...pm)-

b) Calculate Si = (1- pi)/(m+1-i), the i-th slope estimate.

c) Starting with i = 1, loop through i =i + 1 as long as Si> Si.1; stop at the first
occurrence of Sj> S;.1, and evaluate My=min[(1/S; +1), m].

d) Compare each pg) to 0.05i/m and reject the p-values for which pg < 0.05i/m,.

This procedure is based on the observation that the plot of pi versus i (the quantile plot of the
p-values) should exhibit a linear relationship, wherein the slope S = 1/(m+1) passes through (a)
the origin and (b) the point (m+1,1) when m = Mo. When Mo < m, the p-values corresponding
to the false null hypotheses tend to be smaller than the p-values of the true null hypotheses, so
they are concentrated on the left side of the plot. The relationship on the right side of the plot

remains approximately linear. In this way, the adaptive BH procedure seeks to customise the
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correction procedure based on the estimated Mo, which differs from the traditional BH
correction, which provides a universal correction procedure that does not involve the estimation

of Mo.

5.3. Results of adaptive Benjamini-Hochberg correction

The techniques of Sidak correction, traditional BH correction and adaptive BH correction are
applied to the EDMF back-analyses of the excavation case history. The size of the candidate
model set (CMS) is one of the criterion to evaluate the performance of the correction techniques.
A smaller CMS is expected to contain fewer Type Il errors. Therefore, the size of the CMS
reflects the restraints on Type Il errors. Figure 11 shows the sizes of the candidate model sets
obtained using the three techniques after each round of identification. For the first two rounds
of identification, Sidak correction still produces a slightly smaller candidate model set, which
is likely due to the smaller number of measurement data involved during these early rounds of
identification. However, as more measurement data is included and processed during the 3
and the 4™ round of identification, the adaptive BH correction outperforms both the traditional
BH and Sidéak correction by yielding the smallest candidate model set.

Figure 12 shows the parallel-axis plot of the identified parameter values using the adaptive BH

correction after the 4" round of identification. In contrast to Figure 6, wherein two distinct

clusters are observed for the EXI values of the G(VI) silt layer, the adaptive BH correction
produces only one cluster of candidate models. The absence of the second cluster in this case
lends support to the earlier postulate that the candidate models in this cluster are erroneous,
which are eliminated through the tighter restraint on Type Il errors provided by the adaptive
BH correction.

The performance of these three correction techniques can be further assessed using the concept

of ‘statistical power’, which is defined as the probability of rejecting a model when it is invalid.
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With reference to Table 6, statistical power is calculated as the ratio Najp/(N1ji+ Nop) (De et al*;
Farcomeni'®). Figure 13 shows the normalised statistical power of all three correction
techniques across all four rounds of identification. The statistical power of the Sidak correction
is adopted as the base for normalisation and therefore, the y-coordinate of the Sidak correction
results in Figure 13 is always 1.0. It is noted that the adaptive BH correction produces the
highest statistical power, thus demonstrating its improved falsification ability. This is also
reflected in its ability to yield the smallest candidate model set shown in Figures 11 and 12.
The effects of these correction techniques on the wall deflection predictions are shown in
Figure 14. The two subplots in this figure show, for all measurement depths along wall 1D 09
and 04 respectively, the wall deflection range between the computed upper and lower bounds
at the final excavation stage, normalized by the corresponding range predicted using Sidak
correction. The effect of choosing an alternative correction technique is more profound for
wall ID 09. The predicted deflection ranges obtained with the adaptive BH correction are, on
average, 40% and 10% smaller than the ranges obtained using the Sidak correction and the
traditional BH correction respectively. However, its influence is not so obvious for wall ID 04.
This is likely because the deflection magnitudes of wall 1D 04 are less sensitive to changes in
parameter values.

The primary goal in adopting the BH correction technique is to reduce Type Il errors. A closer
examination of the candidate model sets obtained using all three correction technics reveals a
significant degree of overlap. This means that almost all candidate models obtained with
adaptive BH correction are also candidate models obtained using the Sidak correction.
Therefore, the overall information on soil parameter values remain consistent across the three
correction techniques. The falsification of more model instances by the adaptive BH correction
technique, which results in a smaller candidate model set and smaller bounds in the predicted

wall deflection, is due to its improved restraint on Type Il errors.
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6. CONCLUSIONS

This paper examines in detail the performance of three data-interpretation methodologies

(EDMF, Bayesian Model Updating and Residual Minimization) applied to an excavation case

history. The enhanced understanding and appreciation on the strengths and limitations of each

methodology allow engineers and researchers to choose the most appropriate methodology to

obtain reliable and good quality back analysis results. The main conclusions are summarised

as follows:

i)

i)

The identified parameter values from the three data-interpretation methodologies
can differ significantly, based on the current case study. The discrepancies in the
identified parameter values and the resulting wall deflection predictions are related
to the specific implementation details and assumptions adopted in the data-
interpretation methodologies.

In the Bayesian model updating approach implemented in the current study, the
choice of correlation matrix significantly affects the values of the parameters that
are identified. In the current study, the difference in parameter values between the
two correlation schemes can be as high as 90%.

In the Bayesian and residual minimisation analyses performed in the current study,
the contributions of some measurement data are not effectively recognised, which
adversely affects the accuracy of the predictions. This issue is especially significant
when measurement data of inclinometers at two locations are utilised
simultaneously.

The residual minimisation method, which indirectly accounts for uncertainties in
the form of deterministic weighting terms without considering their distributions,

does not perform as well as Bayesian model updating and EDMF in handling
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measurement data near the ground surface, where the uncertainty errors can be
twice those present at deeper depths.

V) EDMF, as compared to Bayesian model updating and residual minimisation, yields
improved predictions and identified parameter values, especially when
measurement data of inclinometers at several locations are simultaneously utilised.

Vi) The use of adaptive BH correction in EDMF analysis improves the restraint on Type
Il errors, as compared to the use of Sidak and the traditional BH correction

techniques, which leads to smaller prediction ranges.
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Table 1 Properties of structural elements involved in the excavation case history.

Diaphragm Toe Pins Soldier Pile Concrete Waler Steel Waler Beams Struts
Walls Walls Beams Type 1/2/3 | Type 1/2
Thickness 08 i ) . ; -
(m)
EA(KN) 2.0E7 18E6 - %'7E7/3'2E7/2'48E 4.0E6/1.3E7 8.0E6
EI(kNm?) | 1.1E6 11E3 (3000-10000) | 7.0E5/2.1E6/1.3E6 | 2.6E5/8.8E5 -
Lspacing (m) - - - - - 10

Table 2 Properties of geological materials involved in the excavation case history.

Fill Gravel ;aer;?&(;: I;O“ Coarse Sand Rock
E (MPa) (3-20) 40 - - 2.5E3
E%/(MPa) - - (5-50) (5-50) -
Egl(MPa) - - 1L0*Esy 1.0* E5) -
Eyf(MPa) - - 30*Ey 30*Ey -
m - - 0.6 0.6 -
¢’ (kPa) 0 0 10 0 -
¢(0) 25 30 28 35 -
y(0) 0 0 0 0 -
Y - - 0.0001 0.0001 -
Gi'(MPa) - - 2* Ed 2* Bl -
pf(MPa) - - 100 100 -
oci (MPa) - - - - 80
mi - - - - 32.7
GSI - - - - 65
D - - - - 0.7
Rinter 0.7 0.5 0.7 0.7 0.75
k (ms) 2E-6 2E-5 5E-7 2E-6 2E-6
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867
868 Table 3 Simplified excavation activities and remarks.
869
370 Stage | Simplified Excavation Activities | Duration (days) Calculation Type
0A Initial Condition - Gravity Loading
871 0B Wall Installation - Plastic
20 Fully coupled flow-
872 1 Excavate below Strut layer 1 deformation
45 Fully coupled flow-
873 2 Install Strut layer 1 deformation
20 Fully coupled flow-
874 3 Excavate below Strut layer 2 deformation
875 4 Install Strut layer 2 and Excavate | 30 Fully coupled flow-
to formation level deformation
876
877 Table 4 Examples of uncertainties used in the study.
Uncertainty sources Magnitudes Remarks
Inclinometer uncertainties | e.g. £3.5mm Finno and Calvelo??
2D-model simplification e.g.0.9mm—2.3mm | Wang et al*
Response surface e.g. £2.5mm -
FEM +5% Goulet et al*®
Others +5% Goulet et al*®
878
879 Table 5 Correlation coefficient at selected depth.
Reduced Partial matrix of correlation coefficient
Level (m) | computed from Equation 6 (Qi and Zhou® and Ledesma et al®)
122 1.00 0.98 0.90 0.78 0.65 0.46 0.23
120 0.98 1.00 0.97 0.90 0.80 0.63 0.40
118 0.90 0.97 1.00 0.98 0.91 0.78 0.56
116 0.78 0.90 0.98 1.00 0.98 0.89 0.70
114 0.65 0.80 0.91 0.98 1.00 0.97 0.83
112 0.46 0.63 0.78 0.89 0.97 1.00 0.94
110 0.23 0.40 0.56 0.70 0.83 0.94 1.00
880
881 Table 6 Possible outcomes of a multiple hypothesis testing exercise.
882
883 Ho is accepted | Ho is rejected | Total
Ho is true Nop Nuo (Typel) | Mo
Ho is false Noz (Type 1) | Nig M3
884 Total m-R R m

885
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Figure 1 Three-dimensional FEM model of the excavation case history. With zoom-in view of the excavation pit
and support system.
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Figure 2 Two-dimensional FEM model of the west-to-east section of the excavation case history.
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935  Figure 3 Posterior distributions of the four parameters after the 4th round of identification, from Bayesian model updating
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Figure 4 Measured vs predicted (mean and 95% bounds) wall deflections of the final excavation stage after each round of
identification, using Bayesian model updating with non-zero correlation scheme. (Top row: ID 09 and bottom row: ID 04)
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