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Abstract. A major concern in deep excavation project in soft clay deposits is the potential for adjacent buildings to be
damaged as a result of the associated excessive ground movements. In order to accurately determine the wall deflections using a
numerical procedure such as the finite element method, it is critical to use the correct soil parameters such as the
stiffness/strength properties. This can be carried out by performing an inverse analysis using the measured wall deflections. This
paper firstly presents the results of extensive plane strain finite element analyses of braced diaphragm walls to examine the
influence of various parameters such as the excavation geometry, soil properties and wall stiffness on the wall deflections. Based
on these results, a multivariate adaptive regression splines (MARS) model was developed for inverse parameter identification of
the soil relative stiffness ratio. A second MARS model was also developed for inverse parameter estimation of the wall system
stiffness, to enable designers to determine the appropriate wall size during the preliminary design phase. Soil relative stiffness
ratios and system stiffness values derived via these two different MARS models were found to compare favourably with a

number of field and published records.
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1. Introduction

Within a built-up environment, the construction safety
of a deep excavation becomes more crucial with the ever-
increasing building density. It is of vital importance to
predict and control the ground movement of a deep
excavation during construction to ensure the minimal
structural damage to nearby buildings and utilities. For
excavations in ground that comprises of thick soft clays
overlying stiff clay,braced walls are usually used to
minimize ground movements. It is common to extend the
wall

length into the stiff clay layer to prevent basal heave
failure and to reduce the movement of the wall toe. To
ensure the serviceability limit state is satisfied, a common
design criterion is to limit the maximum wall deflection to a
fraction of the excavation depth, typically in the range of
0.5% to 1.5% of H,. Unnecessarily severe restrictions may
lead to uneconomic design. Therefore, reliable estimates of
wall deflections under working conditions are essential.

Numerical tools such as the finite element method are
increasing being used to analyze deep excavation problems.
They can provide a better understanding of soil behaviour
during construction, verify the performance of complex
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excavations through comparison with field observations,
and even predict future responses. Nevertheless, accurate
prediction of deformations induced by deep excavations
using numerical approaches is still rather complicated for
engineers since apart from modelling the actual
construction sequence and wall system parameters, reliable
information on selection of constitutive models and the
appropriate soil parameters are also required. Although
comprehensive laboratory and field tests can be conducted,
there are still some difficulties in the precise determination
of some of the soil parameters such as the soil stiffness
because of sample disturbance and testing errors.
Furthermore, even with well-measured soil parameters, the
estimated performance may still deviate from the field
observation as a result of the inherent spatial variability and
inadequacy of the simulation model itself (Zhao et al.
2015). Therefore inverse analysis can play a vital role to
estimate the relevant soil parameters for more reliable
predictions of the expected wall and ground movements that
are induced during excavation. Inverse analysis involves
utilizing field measurements in order to obtain soil material
parameters in contrast to the conventional forward
approach. A forward analysis starts with the determination
of a constitutive model and its associated parameters
derived from laboratory and field testing or empirical
relationships. These parameters are then adopted as inputs
for numerical analysis to predict stresses, strains,
displacements, etc. Previous applications of inverse
analyses in geomechanics for soil parameter identification

ISSN: 2005-307X (Print), 2092-6219 (Online)



578 Wengang Zhang, Runhong Zhang and Anthony. T. C. Goh

include Gioda (1985), Zentar et al. (2001), Lecampion et al.
(2002), Calvello and Finno (2004), Finno and Calvello
(2005), Miranda (2007), Levasseur et al. (2008), Rechea et
al. (2008), Yan et al. (2009), Papon et al. (2011), Chiu et al.
(2012) and Moreira et al. (2013). Optimization algorithms
including the gradient based, artificial neural networks and
the genetic algorithms are commonly adopted to derive
these parameters.

When applying inverse analysis techniques to study the
behaviour of an actual supported excavation, concerns arise
about the proper representation of the real system, as well
as the efficiency of the inverse analysis technique and its
ability to find a unique set of parameters for a particular
geological subsurface. Inverse analyses of supported
excavation systems has been carried out by a number of
researchers including Ou and Tang (1994), Calvello and
Finno (2004), Finno and Calvello (2005), Levasseur et al.
(2008), Levasseur et al. (2010), Hashash et al. (2010),
Juang et al. (2013) and Moreira et al. (2013).

Deep excavations in thick deposits of soft clay can cause
excessive ground movements and result in damage to
adjacent buildings. Numerical analysis using the finite
element method to estimate wall deflections for braced
excavations can often differ from the values measured in
the field. This can be due to many uncertainties with regard
to the true soil properties during the preliminary design
phase. The use of inverse analysis based on field
measurements of wall deflections is therefore a useful
technique to infer the correct soil material response, which
subsequently can be used to improve the numerical
predictions for forward analysis of subsequent excavation
stages and for future projects in similar soil conditions.

Firstly a series of parametric studies were carried out
using the plane strain finite element (FE) software Plaxis
(Brinkgreve et al. 2006) in which the soft clay stress-strain
behavior was modeled using the hardening small strain
(HSS) constitutive relationship that considers the small
strain effect. Analyses were carried out to examine the wall
deflections with regard to a number of parameters including
the excavation geometry, soil strength and stiffness
properties, and the wall stiffness. Based on these results, a
multivariate adaptive regression splines approach was
developed for inverse parameter identification of the soil
relative stiffness ratio. A second MARS model was also
developed for inverse parameter estimation of the wall
system stiffness, to enable designers to determine the
appropriate wall size during the preliminary design phase.
Soil relative stiffness ratios and system stiffness values
derived via this MARS method were found to compare
favourably with a number of field and published records.

2. MARS methodology

Similar with the traditional nonlinear regression
modelling techniques (Zhang and Goh 2015a, Zhang et al.
2015, Zhang et al. 2016, Zhang and Goh 2016, Ji et al.
2016), MARS is nonlinear and nonparametric method for
fitting the relationship between a set of input variables and
dependent variables in high dimensional data (Friedman
1991). The method adopts a divide-and-conquer strategy in
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Fig. 1 Knots and linear splines for a simple MARS example

which the training data sets are partitioned into separate
piecewise linear segments (splines) of differing gradients
(slope). No specific assumption about the underlying
functional relationship between the input variables and the
output is required. The end points of the segments are called
knots. A knot marks the end of one region of data and the
beginning of another. The resulting piecewise curves
(known as basis functions), give greater flexibility to the
model, allowing for bends, thresholds, and other departures
from linear functions. An open source code on MARS from
Jekabsons (2010) is used in carrying out the analyses
presented in this paper.

The MARS model f(X), is constructed as a linear
combination of basis functions (BFs) and their interactions,
and is expressed as

F(X) =4 +Zﬂmﬂm(x) (1)

where each 1,(X) is a basis function. It can be a spline
function, or the product of two or more spline functions
already contained in the model (higher orders can be used
when the data warrants it; for simplicity, at most second-
order is assumed in this paper). The coefficients g are
constants, estimated using the least-squares method.

BFs are splines (smooth polynomials), including
piecewise linear and piecewise cubic functions. For
simplicity, only the piecewise linear function is expressed.
Piecewise linear functions are of the form max(0,x—t) with a
knot occurring at value t. The equation max(.) means that
only the positive part of (.) is used otherwise it is given a
zero value. Formally,

Xx—t,if x>t

max(0, x—t) = _ 2
( ) {0,0therwwe @

Fig. 1 shows a simple example of how MARS would
use piecewise linear spline functions to attempt to fit data.
The MARS mathematical equation is expressed as

y = —44.08 + 4.24xBF1 — 3.67xBF2 + 6.31xBF3 — 2.50xBF4 (3)

where BF1 = max(0, 16 — x), BF2 = max(0, x — 10), BF3 =
max(0, x — 5.5) and BF4 = max(0, 5.5 — x). The knots are
located at x = 5.5, 10 and 16. They delimit four intervals
where different linear relationships are identified.
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MARS generates basis functions by searching in a
stepwise manner. It searches over all possible univariate
knot locations and across interactions among all variables.
An adaptive regression algorithm is used for selecting the
knot locations. MARS models are constructed in a two-step
procedure. The forward phase adds functions and finds
potential knots to improve the performance. This continues
until the model reaches some predetermined maximum
number of terms, resulting in a purposely overfitted model.
Subsequently, to prevent overfitting, the backward phase
prunes the least effective terms based on the Generalized
Cross-Validation (GCV) method. The GCV equation is a
goodness of fit test that penalizes large numbers of BFs and
serves to reduce the chance of overfitting. For the training
data with N observations, GCV for a model is calculated as
follows (Hastie et al. 2009)

iE i,\il[yi - f(xi)]2

N (4)
M+dx(M-1)/2.,

- N ]

GCV =

il

in which M is the number of BFs, d is the penalizing
parameter, representing a cost for each basis function
optimization and is a smoothing parameter of the procedure.
Larger values for d will lead to fewer knots being placed
and thereby smoother function estimates. According to
Friedman (1991), the optimal value for d is in the range 2 =
d = 4 and generally the choice of d = 3 is fairly effective. In
this study, a default value of 3 is assigned to the penalizing
parameter d. N is the number of observations, and f(x;)
denotes the predicted values of the MARS model. At each
deletion step a basis function is removed to minimize Eq.
(1), until an adequate fitting model is found. MARS is an
adaptive procedure because the selection of BFs and the
variable knot locations are data-based and specific to the
problem at hand.

The MARS modeling is a data-driven process. After the
optimal MARS model is determined, by grouping together
all the BFs that involve one variable and another grouping
of BFs that involve pairwise interactions (and even higher
level interactions when applicable), the procedure known as
analysis of variance (ANOVA) decomposition (Friedman
1991) can be used to assess the contributions from the input
variables and the BFs through comparing (testing) variables
for statistical significance. Previous applications of MARS
algorithm in civil engineering can be found in Attoh-Okine
et al. (2009), Lashkari (2012), Mirzahosseinia et al. (2011),
Zarnani et al. (2011), Samui (2011), Samui and Karup
(2011), Zhang and Goh (2013, 2014, 2015, 20164, b), Goh
and Zhang (2014), Goh et al. (2016, 2017), Zhang and Goh
(2018), Goh et al. (2018).

3. Finite element analyses

The database used for the MARS analyses were based
on plane strain finite element forward analyses of the
maximum wall deflection for multi-strutted diaphragm
walls as described in detail in Zhang et al. (2015). Fig. 2
presents the cross-sectional soil and wall profile considered.
The parameters that were considered were: excavation
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Fig. 4 Effect of soil shear strength ratio on wall
deflection for d = 1.2 m (y= 17 kN/m®, B = 40 m, Eso/c, =
200, T =30 m)

width B; excavation depth H.; soft clay thickness T; soil
unit weight y; the system stiffness In(S) [S = El/ywhg,,g),
as defined in Clough and O’Rourke (1990), where E is the
Young’s modulus of wall material, | is the moment of
inertia of the wall section, y,, is the unit weight of water, and
hayg is the average spacing of the struts]; the relative soil
shear strength ratio c,/a',, where ¢, is the undrained shear
strength and o', denotes the vertical effective stress; and the
relative soil stiffness ratio Esg/c,, where Esgq is the secant
stiffness in standard drained triaxial test.

A total of 1032 cases were considered, based on
parameter combinations of the seven design variables. The
influence of the soil stiffness ratio Esg/c, on the maximum
wall deflection is shown in Figure 3a-c for cases with y= 17
kN/m® B =30 m, and T = 30 m for ¢/, = 0.25, 0.29, and
0.34, respectively. It is obvious that the wall deflection
decreases with the increase of the relative soil stiffness ratio
Eso/c,. In addition, the influence of Esy/c, is more
significant for walls of lower thickness d. The influence
of the soil shear strength ratio c,/c’, is presented in Fig. 4,
for the cases with y =17 kN/m®, B =40 m, d = 1.2 m, Esolc,
=200 and T = 30 m. The results show the maximum wall
deflection decreases with the increase of the soil shear
strength ratio.

Analyses indicated that the maximum wall deflections
decrease almost linearly with decreasing ground water level
and that the water table correction factor p, can be
approximated as p,, = 1 — 0.1[ where I is the depth of the
ground water table below the ground surface (in meters)
and [ = 2. Thus, the wall deflection §;, can be derived
from

S = dnmlH,, (%)

in which &y is the maximum of wall deflection for the
case with the ground water table at the ground surface.

4. MARS model for Esg/c,

Based on the forward analysis results described in the
previous section, a MARS model has been developed for
inverse analysis to estimate the soil relative stiffness ratio
Eso/c, as a function of seven input parameters: y, B, H,,
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Fig. 5 Observed vs. predicted 1:1 plots of Esy/c,
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Fig. 6 Histogram of relative errors for the MARS Ex/c,

model

cloy, 8, In(S), and T. Herein the measured wall
deflection &), is used as an input parameter to back-
calculate Exg/cy.

The dataset was separated randomly into a training set
of 775 patterns and a testing set of 257 patterns. The MARS
model with the highest R? value and less BFs for the testing
data set is considered to be the optimal. The optimal MARS
model adopted 28 BFs of linear spline functions. The
observed versus predicted 1:1 plots of Ese/c, are shown in
Fig. 5. The developed model predicts slightly higher
estimations for low Eso/c, values and slightly lower
estimations for higher values of Esy/c,. Fig. 6 presents the
histogram plots of the relative errors e (defined as the ratio
of the difference between the MARS predicted and the
target Eso/c, to the target value, in percentage). It is obvious
that most of the MARS estimations of the data patterns fell
within £20% of the target values. In addition, it should be
noted that MARS predictions still have a large range of
variations with respect to the same group of targets. On the
other hand, it can be acceptable since the target outputs are
of category nature (types) while the estimations based on
the developed model are numerical values. Some typical
training and testing data sets together with the MARS
predictions are listed in Tables 1 and 2, respectively.

Table 3 displays the ANOVA decomposition of the
developed MARS model. The first column lists the ANOVA
function number. The second column gives an indication of
the importance of the corresponding ANOVA function, by
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Table 1 Some typical training data for MARS Es/c, identification model
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Bm  TM  Hm e 5, (mm) In(s) ¥ (kN/m?) o MARS pledicted
30 30 11 0.34 26 8.846 19.0 400 390
30 30 11 0.34 35 7.313 19.0 400 405
40 25 14 0.34 48 8.176 19.0 300 281
30 25 20 0.34 70 7.313 17.0 300 280
40 25 20 0.25 76 8.176 19.0 300 274
30 30 20 0.29 77 8.176 19.0 300 286
30 30 20 0.34 77 7.313 19.0 300 300
40 25 20 0.25 98 7.313 19.0 300 281
40 30 20 0.29 98 8.176 17.0 300 283
30 30 11 0.29 54 7.313 19.0 300 303
40 25 14 0.29 69 8.176 19.0 200 211
40 35 20 0.34 100 8.176 19.0 200 201
50 25 20 0.34 101 7.313 17.0 200 232
30 30 20 0.34 101 8.176 15.0 200 229
40 30 17 0.34 92 8.176 15.0 300 287
40 30 20 0.21 115 8.846 19.0 200 215
50 25 14 0.29 81 8.176 17.0 200 210
40 35 14 0.34 81 6.097 19.0 300 313
40 30 17 0.34 99 8.176 19.0 100 102
40 30 17 0.21 107 8.846 19.0 200 225
40 30 17 0.29 108 8.176 15.0 300 291
30 30 20 0.25 134 8.176 15.0 200 224
40 30 11 0.25 74 8.176 17.0 300 290
40 30 20 0.34 135 7.313 15.0 300 260
30 30 20 0.29 135 7.313 17.0 200 208
30 30 20 0.34 298 6.097 15.0 100 101
40 30 20 0.25 293 6.097 17.0 200 200
50 35 14 0.29 204 6.097 17.0 200 219
40 35 11 0.25 159 7.313 19.0 100 87
50 25 11 0.25 150 7.313 17.0 100 95

Table 2 Some typical testing data for MARS Esx /c, identification model

Bm  Tm  He(m) v 5, (mm) In(s) ¥ (KN/m?) TE"ZZ‘-'/";” MAR;‘;;S:"““
30 30 1 0.29 37 8.176 19.0 400 395
40 30 1 0.34 42 8.176 19.0 300 326
40 25 17 0.34 65 8.176 19.0 200 207
30 30 14 0.34 55 7.313 19.0 300 290
60 30 14 0.29 76 8.846 17.0 200 246
40 30 20 0.25 115 8.176 17.0 300 269
30 30 17 0.25 98 8.176 19.0 200 230
40 25 20 0.29 119 6.097 19.0 300 276
30 30 17 0.34 112 7.313 15.0 300 263
40 30 20 0.25 132 8.176 15.0 300 275
40 25 17 0.34 114 7.313 19.0 100 114
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Bm TM  H(m ol 5, (mm) In(s) ¥ (KN/m?) o MARS Pledicted
30 30 17 029 125 8.176 17.0 100 102
30 30 17 034 167 6.097 19.0 100 87
40 30 14 029 138 6.097 19.0 200 211
30 25 1 029 110 6.097 17.0 200 207
50 25 1 029 74 733 17.0 300 293

Table 3 ANOVA decomposition for MARS Esg/c, model

Function GCV STD #basis Variable(s)

1 1711.6 23.61 2 B
2 4915.2 58.34 2 T
3 5724.9 54.83 2 He
4 9107.5 54.66 2 c/oly
5 25614.0 134.44 2 S
6 12670.7 98.30 2 In(S)
7 2584.5 37.73 2 14
8 1290.3 19.34 2 T&H.
9 1027.5 12.38 2 T & cy/o'y
10 944.8 8.98 2 T&y
11 955.4 9.62 2 He & In(S)
12 1029.3 12.46 2 c/o'y & In(S)
13 1289.3 17.04 1 5, & In(S)
14 983.2 10.42 1 S &y
15 1355.8 20.12 2 In(S) &y
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Fig. 7 Relative importance of the input variables selected
in the MARS Esg/c, model

listing the GCV score for a model with all BFs
corresponding to that particular ANOVA function removed.
The third column provides the standard deviation of this
function. It also gives an indication of its relative
importance to the overall model and can be interpreted in a
manner similar to the standardized regression coefficient in
a linear model. The fourth column gives the number of BFs
comprising of the ANOVA function. The last column gives
the particular input variables associated with the ANOVA
function.

Fig. 7 gives the plot of the relative importance of the

Table 4 Basis functions and corresponding equations of
MARS model for Ezg/c,

BF Equation BF Equation

BFL  max(0, 5, -132)  BFl5 B2 m‘;‘f‘efi"s)ln(s) -
BF2  max(0,132- 8, )  BFL6  BF6 x max(0, T - 30)
BF3  max(0, In(S) -7.313)  BF17  BF6 x max(0,30-T)
BF4 max(0, 7.313 - In(S)) BF18  BF9 x max(0,54 - &; )
BF5 max(0, He- 17) BF19  BF4 x max(0,y- 17)
BF6 max(0, 17 - Hy) BF20  BF4 x max(0, 17 -7)
BF7  max(0, c,/d, -0.25) BF2l  BT4% m%’fg%') Cu/ 0y -
BF8  max(0,025- c,/d,) BF22  BF4 Xc”:%(g’ 0.29-
BF9 max(0, v - 17) BF23  BF7 x max(0, T - 30)
BF10 max(0, 17 - 7) BF24  BF7 x max(0, 30 - T)
BF11 max(0, T - 30) BF25  BFLLx max(0, y - 17)
BF12 max(0,30 - T) BF26 BF11 x max(0, 17 - y)
BF13 max(0, B - 40) BF27  BF4 x max(0, He - 14)
BF14 max(0, 40 - B) BF28  BF4 x max(0, 14 - Hy)

input variables, which is evaluated by the increase in the
GCV value caused by removing the considered variables
from the developed MARS model. The results indicates that
the three most important variables influencing the
determination of Es,/c, are the calculated wall deflection
8}, the system stiffness in logarithmic scale In(S), and the
soil relative shear strength ratio c,/s",.

Table 4 lists the BFs and their corresponding equations
for the developed MARS model. It is observed from Table 4
that interactions have occurred between BFs since exactly
half of the basis functions are products of two spline
functions (from BF15 to BF28). The presence of
interactions suggests that these two models are not simply
additive and that interactions play an important role in
building accurate model for soil parameter identification.
The equation of this optimal MARS model is given by

Eso/cy = 290 — 1.97xBF1 + 3.45xBF2 —
133.26xBF3 + 106.75xBF4 + 8.61xBF5 —
19.86xBF6 — 1377xBF7 + 1575xBF8 —
17.64xBF9 + 37.12xBF10 + 15.80xBF11 —
23.47xBF12 + 1.2xBF13 — 4.67xBF14 +
0.67xBF15 — 1.69xBF16 + 2.16xBF17 +
2.75xBF18 — 19.37xBF19 + 31.61xBF20 —
372xBF21 + 967xBF22 — 53.95xBF23 +
85xBF24 — 2.42xBF25 + 2.8xBF26 +
3.23xBF27 — 8.9xBF28

(6)
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Table 5 Summary of excavation case histories validating MARS Egy/c, model
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Cu
Case number and name B (m) T (m) He (m) P

hM *

(mm)

In(S) v (kN/m® p, Target ? #x MARS predictions

References

1:Formosa 35 27 185 034 62 7.30 190 08 200 264 Ou etal. (1993)
2:Taiwan Power Company 60 135 147 030 63 6.65 19.0 0.9 150 212 Moh and Song (2013)
3: Shandao Temple 215 265 185 030 367 7.82 187 08 250 391 Fang (1987)

4: Xinyi planning zone 41 27 1445 034 78 7.02 187 08 150 192 Fang et al.(2004)
5 Bugis MRT 21 35 18 025 135 8.18 165 09 150 164 Li (2002)
6 Lavender 24 16 157 025 32 7.96 170 08 150 172 Lim et al. (2003)
7 MRT line in Singapore 20 20 16 025 386 811 176 08 150 191 Goh et al. (2003)
8 Muni Metro Turnback 16 205 13.1 022 48 731 165 08 250 273 Koutsoftas et al. (2000)
9 Lurie 64 74 118 025 66 585 189 08 165 205 Kung et al. (2007)
10 Yanchang Road 181 155 152 030 65 577 180 0.9 190 183 Wang et al. (2005)
11 Pudian Road 204 155 165 030 71 6.12 180 09 190 132 Wang et al. (2005)
12 Shanghai Bank building 43 19.3 152 0.30 674 6.57 186 0.9 190 250 Xu et al. (2005)

*As shown in Eq. (5), Sym = S:Ix 4, Onm is the measured wall deflection, mainly used as inputs for validation

purposes based on case histories;

*xHerein target means that the values are from either lab/field tests and reported by the various authors or back analysis.
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Fig. 9 Distribution of the predicted Esy/c, values based on

Eq. (6) for Bugis MRT

5. Excavation history validations on Egy/c, model

To validate this proposed MARS model for soil
parameter identification, a total of 12 well-documented
excavation case histories from various countries as listed in
Table 5 were analyzed. To visualize the quality of

prediction, predicted stiffness ratio Eg,/c, values by
MARS model are compared with the target values for the
12 cases listed in Table 5 and shown in Fig. 8. Fig. 8 also
plots the range of Es,/c, by varying §; by +15% and -
15%. Table 5 and Fig. 8 indicate that the developed MARS
model is able to predict reasonably well the soil stiffness
ratios for the case histories considered, even with
considerable  variability in the wall deflection
measurements.

Based on Eq. (6), Fig. 9 gives the plot of the probability
density of Esy/c, for a typical case (Bugis MRT station)
derived from Monte Carlo Simulation with 1 000 000
iterations assuming that the coefficient of variation COV of
both §;, and c /o', are 0.15. Both §;, and c /¢’y follow the
normal distribution, the mean values of which are 150 and
0.25, respectively. The other five input variables are
deterministic and the values can be found in Table 5. As can
be seen from Fig. 9, the variation of Eg,/c, follows the
normal distribution. The most probable E¢,/c, value is
147, very close to the target value of 150.

6. MARS model for In(S)

A second MARS model was also developed for inverse
parameter estimation of the wall system stiffness. This
model will assist engineers to determine the appropriate
wall size during the preliminary design phase. The same
patterns as used for Eg,/c, model are adopted for training
and testing of the MARS In(S) model respectively. The
optimal MARS model adopted 28 BFs of linear spline
functions. For comparison, Fig. 10 plots the R? values of the
testing data sets for the MARS In(S) model with different
BFs (from 14 to 48). The observed versus predicted 1:1
plots of In(S) are shown in Fig. 11. Fig. 12 presents the
histogram plots of the relative errors. It is obvious that most
of the MARS estimations of the data patterns fell within
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Table 6 Some typical training data for MARS In(S) model

B(m)  T(m) He(m oo Eso/ca 5 (mm) v kM) T;Egse)t MARISn‘(’gdiCted
40 25 20 0.34 100 95 19.0 8.176 8.319
30 25 20 0.34 100 110 17.0 7.313 7.559
30 30 20 0.34 100 115 17.0 8.176 8.120
30 30 14 0.34 100 98 17.0 8.176 8.169
40 25 20 0.34 200 68 19.0 8.176 8.109
30 30 17 0.34 200 58 19.0 8.846 8.721
30 30 20 0.25 200 86 19.0 8.846 9.153
40 30 20 0.29 200 87 19.0 8.846 8.849
40 30 20 0.21 200 115 19.0 8.846 9.029
50 25 14 0.29 200 81 17.0 8.176 8.251
40 25 20 0.34 300 57 19.0 8.176 8.092
30 30 20 0.34 300 63 19.0 8.176 8.001
30 25 20 0.34 300 70 17.0 7.313 7.499
30 30 20 0.29 300 77 19.0 8.176 8.048
40 25 17 0.25 300 72 19.0 8.176 8.235
30 30 17 0.25 300 83 19.0 8.176 8.145
30 30 1 0.29 300 54 19.0 7.313 7.315
40 25 17 0.25 300 142 19.0 6.097 5.856
40 30 1 0.21 300 93 17.0 8.176 8.030
40 30 17 0.25 300 181 19 6.097 6.142
30 30 14 0.34 300 151 15.0 6.097 5.951
40 30 20 0.25 300 202 19.0 6.097 6.044
30 30 1 0.34 400 26 19.0 8.846 8.699
30 30 17 0.34 400 M 19.0 8.846 8.810
40 30 20 0.34 400 75 19.0 7.313 7.332
40 30 17 0.34 400 68 19.0 7.313 7.351
30 30 1 0.29 400 45 19.0 7.313 7.260
30 30 17 0.29 400 61 19.0 8.176 8.070
40 35 17 0.25 400 123 19.0 7.313 7.399
40 30 14 0.25 400 90 19.0 7.313 7.292

Table 7 Some typical testing data for MARS In(S) model
B(m) TM H.(M  cjol Eso/ca 8 (mMm)  y(kN/mY) Tlﬂr(%'“;t MAR?n‘Eg;d'Cted

30 30 20 0.34 100 106 19.0 8.176 8.151

30 30 20 0.29 100 122 19.0 8.176 8.310

40 25 17 0.34 100 114 19.0 7.313 7.012

50 25 20 0.34 100 136 17.0 7.313 7.357

30 30 20 0.29 200 75 19.0 8.846 8.904

30 25 17 0.34 200 78 17.0 7.313 7.281

50 25 17 0.29 100 151 17.0 7.313 7.381

50 25 20 0.29 200 116 17.0 7.313 7.442

40 30 1 0.34 200 64 19.0 7.313 7.441

30 25 17 0.21 200 126 17.0 7.313 7.442

30 25 20 0.29 200 150 17.0 6.097 5.955




MARS inverse analysis of soil and wall properties for braced excavations in clays

Table 7 Continued

585

« Target MARS predicted
BM T(M H.(m oo Eso/cu S (mm) oy (kN/m?) In(9) o)
40 35 17 0.34 200 128 17.0 7.313 7.337
40 25 17 0.29 300 63 19.0 8.176 8.004
30 30 14 0.34 300 54 19.0 8.176 8.219
40 25 20 0.34 300 94 19.0 6.097 6.075
40 35 20 0.25 400 147 19.0 7.313 7.297
1.00 Table 8 Basis functions and corresponding equations of
MARS In(S) model
050 1 BF Equation BF Equation
0.80 - BF1 max(0, 46 - &y,) BF15 max(0, 118 - &},)
* . BF13 x max(0, Eso/cy
070 4 0,930 BF2  max(0, c/o', - 0.25) BF16 - 200)
, BF13 x max(0, 200 -
0.60 A BF3  max(0, 0.25 - ¢,/c’,) BF17 Exo/cy)
max(0, Eso/cy - max(0, &y - 46) x
0.50 - BF4 300) BF18 max(0, Esy/c, - 200)
13 16 19 22 25 28 31 34 37 40 43 46 49 max(0, 300 -
Number of BFs BF5 A BF19 max(0, T - 30)
Fig. 10 R? for different number of BFs for In(S) model BF6 max(0, & - 46) x BF20 max(0, 30 - T)
max(0, H, - 14) '
05 v BF7 max(0, y-17)  BF21  BF13 x max(0, T - 30)
®  In(S)=6.097
ool ¢ I:EETE'?JS i BF8 max(0,17-7)  BF22 BF13 x max(0, 30 - T)
A In(S)=8.
854 v In(S)=8.846 max(0, & - 46) x g
] ¥ BF9 max(0, 30 - T) BF23 max(0, 190 - &)
-t
: | BF10 max(0, B - 40) BF24 BF2 x max(0, &, - 74)
g . 2 BF11 max(0,40-B)  BF25 BF2x max(0, 74 - &})
o 704
: BF12  max(0,H,-17)  BF2g Dr2s > max(0,200-
o Eso/cu)
60 e = BF13  max(0,17-H,)  BF27  BF5 x max(0, - 17)
- . BF14  max(0, 5; -118) BF28  BF5 x max(0, 17 - )

Fig

Frequency (%)

Fig. 12
model

+10% of the target values. Some typical training and testing
data sets together with the MARS predictions are listed in

55 6.0 6.5 7.0 75 8.0 85 9.0 9.5

Target In(S)

. 11 Observed vs. predicted 1:1 plots of In(S)

40

30+

20+

o\ A V320 05 V) e

-10~-5 -5~-25 -256~0 0~25 25~5 5~10 >10
Relative error e (%)
Histogram of relative errors for MARS In(S)

Tables 6 and 7, respectively.

Table 8 lists the BFs and their corresponding equations

for the developed MARS In(S) model. It is observed from
Table 8 that interactions have occurred between BFs since

exactly

12 out of the 28 BFs are products of two spline

functions. The presence of interactions suggests that these
two models are not simply additive and that interactions
play an important role in building MARS In(S) model.
The equation of this optimal MARS model is given by

In (§) = 7.055 + 0.038xBF1 — 16.977xBF2 +
17.522xBF3 — 0.004xBF4 + 0.007xBF5 —
0.0007xBF6 — 0.318xBF7 + 0.439xBF8 —
0.0004xBF9 + 0.024xBF10 — 0.046xBF11 +
0.149xBF12 — 0.225xBF13 — 0.007xBF14 +
0.03xBF15 — 0.0002xBF16 + 0.0003xBF17 +
2x107°xBF18 + 0.1xBF19 — 0.152xBF20 —
0.013xBF21 + 0.015xBF22 + 0.010xBF23 +
0.040xBF24 + 0.259xBF25 + 7x10~5xBF26 +
0.0007xBF27 — 0.0008xBF28

()

7. Validations on In(S) model

The same excavation case histories as used for

validati

ng the E.,/c, model are adopted for verifying the
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Table 9 Summary of excavation case histories validating MARS In(S) model

C,\?(s)e Case name B (m) T (m) He (m) Z—: i—io &“% (kN7m3) pw '{'zr(%e;t MARS predicted In(S) References
1 Formosa 35 27 185 0.34 200 62 190 0.8 7.30 7.142 Ou et al. (1993)
2 Taiwan Power Company 60 135 14.7 030 150 63 19.0 09 6.65 7.786 Moh and Song (2013)
3 Shandao Temple 215 265 185 030 250 36.7 187 08 7.82 8.761 Fang (1987)
4 Xinyi planning zone 41 27 1445 034 150 78 187 08 7.02 7.201 Fang et al. (2004)
5 Bugis MRT 21 3% 18 025 150 135 165 09 818 8.054 Li (2002)
6 Lavender 24 16 157 025 150 32 170 0.8 7.96 9.729 Lim et al. (2003)
7  MRTlineinSingapore 20 20 16 025 150 386 176 08 811 9.343 Goh et al. (2003)
8 Muni Metro Turnback 16 205 131 022 250 48 165 08 7.31 8.253 Koutsoftas et al. (2000)
9 Lurie 64 74 118 025 165 66 189 0.8 585 7.440 Kung et al. (2007)
10 Yanchang Road 181 155 152 030 190 65 180 09 577 5.891 Wang et al. (2005)
1 Pudian Road 204 155 165 030 190 71 180 09 6.12 5.575 Wang et al. (2005)
12 Shanghai Bank building 43 193 152 0.30 190 674 186 09 6.57 7.218 Xu et al. (2005)

12

V777 Target value
[E553 MARS prediction

N 1

T

5 6 7 8 9 10 11 12

Case number

Fig. 13 Target and predicted In(S) values by developed
MARS model

developed MARS In(S) model. The MARS predicted
In(S) values are compared with the target ones for cases
listed in Table 9 and shown in Fig. 13. Table 9 and Fig. 13
indicate that the developed MARS model is able to provide
reasonable estimates of the wall stiffness for the case
histories considered.

8. Conclusions

This paper presents two MARS models developed for
identifying soil parameters and configuring system stiffness
in braced excavations based on field observation of
maximum wall deflections. The MARS Es,/c, model can
relate the soil relative stiffness ratio to influencing
parameters including the excavation geometries, soil shear
strength ratio, unit weight, and the wall stiffness. The
developed MARS In(S) model provides estimates of the
suitable wall stiffness based on a user-defined allowable
wall deflection, thus saves design time by eliminating
unsuitable wall configurations early in the design process.
Well documented case histories from various countries
validating the reliability of the proposed MARS models are
given for a wide variety of wall and soil conditions.

It should be noted that the focus of this paper is on the

proposed MARS methodology to identify soil parameters
and configure system stiffness in braced excavations, and
thus its application is limited to the soil deposits that can be
modelled with the set of soil parameters used in this study.
Furthermore, as the hypothetical cases to develop the
MARS models assume a single layer of soft clay,
consequently, the proposed method may not be applicable
to excavations in heterogeneous or layered clay deposits or
other ground types such as the sand and the stiff clays.
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