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Cantilever Sheet Pile, Sheet pile walls are flexible retaining structures that are used to hold the horizontal
Bending Moment, soil pressures behind them, especially in situations that cause stress changes such
Multiple Linear Regression,  as excavation. They are divided into two as cantilever and externally supported.
Prediction, Cantilever walls are used in excavations with a maximum depth of 6 meters and are
Sand. supported by anchors in excavations deeper than this. Some of the values to be

calculated in the design of cantilever sheet pile walls are the embedment depth and
the maximum bending moment that(Mmax) will occur in the cross-section of the
wall. There are various approaches in analytical methods that have complex
calculation steps such as determining earth pressures, solving second and third-
order equations. In this study, the Mmax that will occur in the cross-section of a
cantilever sheet pile wall penetrates in the sand is estimated by the expressions
obtained with the help of multiple linear regression(MLR) analysis. The results
showed that the Mmax may not be achieved by only MLR models but with the help
of polynomial equations.

KONSOL PALPLANS DUVARLARIN MAKSIiMUM EGIiLME MOMENTININ COKLU
LINEER REGRESYON ANALIZI ILE TAHMINI

Anahtar Kelimeler 0z

Konsol Palplans, Palplans duvarlar, ozellikle kazi gibi gerilme degisikliklerine neden olan
Egilme Momenti, durumlarda, yatay zemin basinglarini arkalarinda tutmak icgin kullanilan esnek
Coklu Lineer Regresyon, istinat yapilaridir. Temel olarak konsol ve dis destekli olarak ikiye ayrilirlar.
Tahmin, Maksimum 6 metre derinlige sahip kazilarda konsol duvarlar kullanilir ve bundan
Kum. daha derin kazilarda ankrajlarla desteklenir. Konsol palplans duvarlarin

tasariminda hesaplanacak degerlerden bazilar1 gomme derinligi ve duvar kesitinde
olusacak maksimum egilme momentidir. Toprak basinglarinin belirlenmesi ve ikinci
ve TUglinci mertebeden denklemlerin ¢o6ziilmesi gibi karmasik hesaplama
adimlarina sahip analitik yontemler i¢in ¢esitli yaklasimlar bulunmaktadir. Bu
calismada, yapilacak bir kazi nedeniyle kuma gémiilii bir konsol palplans duvarin
kesitinde olusacak maksimum egilme momenti, ¢oklu lineer regresyon analizi
yardimiyla elde edilen ifadelerle tahmin edilmeye calisilmistir. Sonuglar, sadece
lineer regresyon modellerinin yardimi ile degil ancak tahmin sonuglarinin polinom
ifadeler yardimiyla iyilestirilmesi sonucunda tatmin edici derecede basarili tahmin
edilebilecegini gostermistir.
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1. Introduction

The demand for deep excavation has increased as the country's population and urbanization have grown so the
necessity of bearing the horizontal earth pressure issues has arisen. Sheet pile walls are commonly employed
applications in geotechnical engineering as retaining structures, notably to bear lateral earth pressures produced
by excavation. Sheet pile walls can also be constructed of wood, reinforced concrete but usually steel. Steel sheet
pile walls have interlocking edges so they can work as a whole wall and provide water impermeability.

Sheet pile walls are used as cantilever walls or externally supported walls, depending on soil properties,
excavation depth. Cantilever sheet piles are utilized for heights of up to 5 to 6 m and anchors are linked to the
sheet pile walls to offer greater passive resistance by the infill for beyond. Sheet pile walls, unlike retaining walls,
are generally temporary constructions that are constructed to sustain the soil mass laterally and are flexible.

For more than six decades, sheet pile walls have been a subject of study. Rowe (1951), Bransby and Milligan
(1975), and Seok et al. (2001) are some of the studies that have done model studies on embedded walls. In addition,
Rowe (1952) investigated the impact of several factors on flexible retaining walls, including surcharge load,
anchor position, excavation level, soil type, wall flexibility, and soil pressure distribution on the flexible retaining
wall.

There are many theoretical methods used to calculate the maximum bending moment (Mmax), which are
commonly obtained by the approximate method based on the Rankine earth pressure theory in current civil
engineering applications. There are various approaches that empirical and semi-empirical offer more accurate
estimates (Coduto, 2001; Das, 2007; Rankine, 1857). Design tables for normalized embedment depths for sheet
pile walls were published by Bolton et al. (1989, 1990a, 1990b) based on undrained shear strength for cohesive
soils and friction angle for non-cohesive soils. For anchored sheet pile walls embedded in sandy soils, Hagerty and
Nofal (1992) produced simplified design charts for normalized embedment depth and anchor strength. The
embedment depths of sheet pile walls subjected to lateral linear stresses in cohesionless soils were estimated
using normalized relationships by Choudry et al. (2006) and Gajan (2011). Akan (2020), investigated the impact
of the increment ratio of the theoretical depth of the wall on the maximum bending moment and anchor force of a
single anchored sheet pile wall in the sand with varied internal friction angles when the groundwater level occurs.

Mishra et al. (2020), used a functional network (FN), genetic programming (GP), and group data processing
approach to simulate a retaining wall (GMDH). To get an expression for the design of the reinforced concrete
retaining wall, Akbay et al. (2020) and to obtain a decision diagram for retaining wall selection, Choi and Lee
(2010) used regression analysis. Srivastava and Malhotra (2016) used regression analysis to estimate passive
horizontal earth pressures, and Dagdeviren and Kaymak (2020) used regression analysis to obtain a pre-sizing
recommendation for a T-shaped retaining wall.

Azzouz et al. (1976) develop regression equations to predict the compression index and compression ratio from
classification or index data, and statistical techniques are utilized to assess and evaluate experimental data from
consolidation experiments on a wide variety of undisturbed soils. These regression equations are then compared
to several other comparable but more limited empirical correlations that have been reported by other researchers.
Yoon and Kim (2006) use consolidation data to develop site-specific empirical correlation models to estimate the
compression index of inorganic marine clay at Kwangyang new port in Korea. Regression analysis is used to make
correlations in calculating compression index utilizing. Natural water content, void ratio, liquid limit, plasticity
index, passing percentage, and specific gravity are among the soil characteristics utilized. Hirata et al. (1990) used
multiple regression analysis to properly identify the connections between a mechanical characteristic and several
physical parameters in both natural and artificially blended cohesive soils. The shear strength of soils is
represented by two types of regression models. The Atterberg limit is used in the first model, whereas the Cam-
Clay model is used in the second. Teymen and Mengii¢ (2020) evaluated the characteristics of uniaxial compressive
strength (UCS), unit weight, Brazilian tensile strength, Schmidt hardness, Shore hardness, pointload index, and P-
wave velocity. Simple regression analysis, multiple regression analysis, artificial neural networks, adaptive neuro-
fuzzy inference system, and genomic expression programming have all been used to forecast the UCS. Using several
graphs, the computed UCS values were compared to the real UCS values were then compared. Adefemi and Wole
(2013) used two-way analysis of variance and multiple regression analysis to analyze the findings of statistical
research on the impact of compaction delays on characteristics of lime stabilized yellowish-brown lateritic soil.
Yoon et al. (2015) use in-situ experimental data from a range of slope locations in South Korea to develop an
estimation method for calculating saturated hydraulic conductivity of Korean weathered granite soils. Using
diverse physical soil characteristics, a robust regression analysis was conducted, and an empirical solution was
proposed. Abdi et al. (2018) used artificial neural networks and multiple regression analysis to predict UCS and
modulus of elasticity (E) in sedimentary rocks. Rock samples from four different rock types were cored and
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submitted to extensive laboratory testing for this purpose. Physical characteristics of investigated rocks such as P
wave velocity, dry density, porosity, and water absorption were used as model inputs, whereas UCS and E were
used as output factors to build the prediction models. Mahdiabadi and Khanlari (2019) used MLR, multiple
nonlinear regression, artificial neural networks, and adaptive neuro-fuzzy inference system to predict UCS and E
in calcareous mudstones of the Aghajari Formation. The pointloading, block punch, and cylinder punch tests were
performed on samples of calcareous mudstones. The determination coefficients (R?), mean absolute percentage
error, and variance accounted for were used to evaluate the performance of the created models. Bera et al. (2005)
offer aregression study on bearing capacity of square footing on reinforced pond ash. Using all feasible regression
approaches based on model test data to choose the important subset of the predictors, a power model was
constructed to estimate bearing capacity of a square footing on reinforced pond ash at any settlement. Kumar et
al. (2013) want to use soft computing techniques like multiple regression and artificial neural network models to
forecast rock characteristics using drill bit speed, penetration rate, drill bit diameter, and equivalent sound level
produced while drilling as input factors. UCS, Schmidt rebound number, dry density, P wave velocity, tensile
strength, E, and porosity n were determined using a database of instances, and the prediction abilities of models
were examined.

The Mmax that will occur in the cross-section of a cantilever sheet pile wall is calculated in this work using
expressions acquired from multiple linear regression (MLR) analysis, which simplifies the calculation procedure.
For this aim, a cantilever sheet pile wall was driven into a sandy soil with the groundwater level at the dredge line
in front and at various levels from the soil surface to the dredge line rear of the wall was modeled with the aid of
Matlab R2015a. The acquired Mmax findings are then submitted to MLR analysis using SPSS Statistics v17.0, and
MLR expressions are created to estimate the Mmax. The accuracy of the estimation is measured using the
determination coefficient (R%) and the mean absolute relative error (MARE), and the findings are encouraging.

2. Material and Method

The findings of the Mmax were acquired by executing step-by-step MLR analysis with the assistance of SPSS
Statistics v17.0, and the solutions of a total of 833 cantilever sheet pile wall models were conducted with the help
of Matlab R2015a. As a next step, the acquired results from MLR equations were enhanced with polynomial
functions. Established regression models and improved models, expressions, and estimation assessment criteria
presented in tables and scatter plots illustrated in figures.

2.1. Cantilever Sheet Pile Walls

In the experimental investigations, the cantilever sheet pile walls rotated from a position such as O, and therefore
the active and passive earth pressures switched places at the bottom of this point (Das, 2014). Figure 1 depicts the
earth pressures that will occur in this situation.

g

Dredge Level

Figure 1. Lateral Earth Forces (Pa, Pp) Acting on the Cantilever Sheet Pile Wall
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The approximation analytical approach was utilized to simplify the solutions. The active and passive pressure
distributions behind the wall and in front of the wall are assumed to extend to the bottom of the wall in the
approximation analysis, while the passive pressure behind the wall below the O point operates at the base of the
wall (Sitharam, 2013). Figure 2 depicts lateral soil pressure distributions using the approximation analysis
approach.

g

Dredge Level

Figure 2. Lateral Earth Forces (Pa, Pr) Adopted in the Approximate Method

Rankine's theory may be used to determine the active and passive lateral earth pressure coefficients, as shown
below (Rankine, 1857)(Egs. 1-2).

_ 1=sin(¢)

@ 1+sin (d) (1)
__ 1+sin (¢)

Kp = mon @) 2)

where ¢ is the internal friction angle of soil. The active and passive earth pressures for cantilever sheet pile walls
may be calculated using Rankine's theory. as well as the moment equilibrium achieved at the wall's base, using the
following formulas (Egs. 3-5).

zg:§y01+DYKa 3)
1,

Pp=-y'D?Kp (4)

(H 4+ D)3K, = D3Kp (5)

The excavation depth is denoted by H, whereas the embedment depth is denoted by D. Equation 6 may also be
used to gety', which is the effective unit weight of soil. The unit weight of water, y,,, is assumed as 9.81 kN/m? for
the study purposes.

!

Y =Y — Yw (6)
3.2. Model

The internal friction angle (¢) of the sand is raised by 1° in the range of 20° to 45°, excavation depth (H) and
groundwater level (GWL, L1) are increased by 0.5m in the ranges of 2m to 6m and Om to 6m in the models for the
solution of the Mmax, respectively. The natural unit weight of the soil above the GWL is y,, = 19 kN/m3, whereas
the saturated unit weight of the soil below the GWL is y; = 21 kN/m3. Figure 3 depicts a schematic illustration of
the relevant model.
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Figure 3. The Soil Profile and Cantilever Sheet Pile Wall Model

Figure 4 illustrates the active and passive lateral earth pressures, as well as the hydrostatic water pressure, that
will act in the built model. The components of active earth pressure (P'a1, P'az, P'a3, P'a4, P'as), passive earth force
(Pp), and hydrostatic water force (Pw ) may be calculated using the formulas below ( Egs. 7-10).

po

Figure 4. The Components of the Lateral Forces Acting on the Sheet Pile Wall

Piy = 2 Ka¥ul? 7)
Pz = yuKqL1(L2 + D) (8)
Pis =5 Kay'(L; + D)? 9)
Py =~ Kpy'D? (10)
Py, = %yw(D +Ly)? (11)
Pyp = %waZ (12)
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At a depth such as z, where the forces calculated above cancel each other out horizontally, the shear force is zero
and the bending moment is maximum. The following equation (Eq. 13) determines this depth, z, and the value of
the moment at a point of C at this depth yields the Mmax (Eq. 14).

Piy +¥uKaly(Ly + 2) +5 Koy (Ly + 2)% + 3% (2 + Lp)? =S Kpy'Dz? —2¥,2% =0 (13)
Mmax = Py, (z + L, + L?l) + %)/n)'{aLl(L2 +2z)? + %Kay’(L2 +2z)3 + %yw (z+Ly)3 — %KP]/'Z3 - %ywz3 (14)

3.3. Multiple Linear Regression (MLR) Analysis

Regression analysis, which is extensively used in statistics, uses mathematics to anticipate linear connections
between data (Olmschenk et al., 2019). An independent variable and a dependent variable have a cause-and-effect
relationship in basic regression analysis (Sato-Ilic, 2017). There is one dependent variable and at least two
independent variables in an MLR analysis. Simple regression analysis and MLR analysis are two types of regression
analysis depending on the number of independent variables. The regression analysis method is used to investigate
the impact of independent variables on the dependent variable as well as the cause-and-effect connection between
them (Chantana et al,, 2019; Zhang and Thomas, 2012).

A general MLR equation is as follows (Eq. 15).
where Y is the dependent variable, X is the independent variable, and ¢ is the error term in the equation.

In this paper, 833 cantilever sheet pile wall models were solved using Matlab R2015a, and the results of Mmax
were analyzed by performing a step-by-step MLR analysis using SPSS Statistics v17.0. Two MLR models that have
the highest R2 were examined and enhanced by using polynomial functions derived from trend curves of estimated
and calculated Mmax (Fig. 5-6). The dependent variable in both models is Mmax, whereas the independent
variables are fi, H, L1 in the first model and fi, Hi, L1, and L1H in the second. Here, fi denotes the internal friction
angle (¢), H denotes the excavation depth, L1 denotes the groundwater level (GWL), and L1H denotes the GWL to
H ratio. R2 and MARE evaluate the improved and unimproved prediction performance of both models. The R2is a
criterion for determining how closely variables in a regression equation are related (Polat, 2015). R? assesses a
regression equation's accuracy as well as the influence of an independent variable on the dependent variable. As
a result, the coefficient of determination is used to analyze the connection between dependent and independent
variables in various analytic situations. In addition, MARE was utilized as a second assessment criterion to
measure the estimating success of the produced expressions, which determines the percent difference between
estimated and calculated Mmax outcomes using the equation below (Eq. 16).

Tt—Ht

1
MARE = -%_,

«100 (16)

n : Number of data evaluated
T: : Estimated value
H: : Calculated value

4, Results

Table 1 displays the variables and the adjusted R? of various models while Table 2 displays the MLR equations, R?,
and MARE of Model 3 and Model 4 which have the highest R2. As shown in Table 1, model 4 using fi, H, L1, and L1H
as variables produces the best results among the models developed to predict the Mmax. Models 3 and 4, which
are the best two models were investigated in this study, and the findings are shown in Figs. 5-6 and Table 2.

Table 1. Results of MLR Analysis

woad [endent g sqare | Mt R
1 H .703 |.495 494
2 H-fi .834 |.695 .694
3 H-fi-L1 920 |.847 .846
4 H-fi-L1-L1H 933 |.871 871
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Model 3, which is developed by adding the L1 variable to the fi and H variables, has a 22 percent improvement in
R2? when compared to Model 2. Similarly, the RZ value of Model 4 developed by adding the L1H variable to Model 3
increased by 3% when compared to Model 3 when the MARE decreased about 13% (Table 2). This demonstrates

that all variables have a substantial influence on estimating Mmax.

Table 2. Equations and Variables of MLR Model 3 and Model 4

Independent . . . MARE 5
Model Variables The equation obtained from MLR analysis (x) (%) R
3 H-fi-L1 Mmax=637.290+342.487*H-39.814*fi -146.584*L1 75359 | .846
, Mmax=-379.723+542.429*H-39.814*fi -
4 A-fi-Lo-LaH 424.294*L1+1400.452* LiH 65577 | 871

Model 3 has adjusted R? of 0.846 and MARE of 75.359%, whereas Model 4 has adjusted R2 0.871 and MARE of
65.577% (Table 2). Figures 5 and 6 depict the dispersion of theoretically computed values versus estimated values

derived from the regression equations of Model 3 and Model 4.
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— 2500
§ y = 0.0008x2 + 0.1809x + 81.735
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= 5000 R*=0.9726 )
x
1] "y
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S 1500 e ¥YEIx
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=
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< 500
0
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Estimated Mmax (kNm)
Figure 5. Scatter of Estimated and Calculated Mmax Results of Model 3
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Figure 6. Scatter of Estimated and Calculated Mmax Results of Model 4
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Figures 5-6 include a polynomial curve that depicts the connection between computed and estimated Mmax
values. The Mmax values predicted by the MLR equations are employed as a variable in the equation of this
polynomial curve and the accuracy of the calculation is enhanced. The R? and MARE values of these polynomial
equations and the improved predictive values obtained with them are shown in Table 3, and scatter diagrams of
the calculated values and the improved predictive values are shown in Figures 7-8.

Table 3. Polynomial Equations for Improving the Results of the Mmax of Model 3 and Model 4

Model Polynomial Equations MARE (%) | R?
3 0.0008x% + 0.1809x + 81.735 20.622 ]0.979
4 0.0007x2 + 0.2912x + 93.147 22.005 ]0.949

The R? increases from 0.846 to 0.979 for Model 3 and from 0.871 to 0.949 for Model 4 with the help of the
polynomial equation, while the MARE decreases from 75.359 to 20.622 and from 65.577 to 22.005, respectively.
It is shown that Model 3 increases the prediction success by 16% based on R? and 73% based on MARE, while the
prediction success of Model 4 increases by 9% based on R? and 66% based on MARE.

3000
E 2500
= y
= .- .
= 2000 IR
g PRSI : y = 0.958x
= LA R2=0.9718
©
(]
]
L
-
S
1]
(@)

0 500 1000 1500 2000 2500 3000

Improved Estimations of the Mmax (kNm)
Figure 7. Scatter of Improved Estimations and Calculated Results of the Mmax of Model 3
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Figure 8. Scatter of Improved Estimations and Calculated Results of the Mmax of Model 4
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The adjusted R? of the polynomial equation recommended for Model 3 is 0.979 while the MARE is 20.622% and
the adjusted R? of the polynomial equation recommended for Model 4 is 0.949 while the MARE is 22.005%.
Although both models have the satisfying predictive capability with the help of polynomial equations it is seen that
Model 3 provides more successful prediction than Model 4.

5. Conclusion

The Mmax that will occur in the cross-section of a cantilever sheet pile wall is calculated in this work using
expressions acquired from MLR analysis, which simplifies the calculation procedure. For his aim, a cantilever sheet
pile wall was driven into a sandy soil with the groundwater level at the dredge line in front and at various levels
from the soil surface to the dredge line rear of the wall was modeled with the aid of Matlab R2015a. Then the
obtained Mmax results are subjected to MLR analysis with the help of SPSS Statistics v17.0 and MLR expressions
to estimate the Mmax are generated. Accordingly, the following conclusions can be drawn:

- The best model established to determine the Mmax has R? of 0.846 and MARE of 75.359%. This is an unsuccessful
result for the estimation of the Mmax by the MLR analysis.

- The Mmax in the cantilever sheet pile wall, can be estimated by using linear MLR models with an enhancement
by polynomial equations with R2 of 0.98 and MARE of 20.6.

- It is shown that Model 3 increases the prediction success by 16% based on RZ and 73% based on MARE.

- The best model to predict the Mmax has internal friction angle of sand, groundwater level, and excavation depth
as independent variables.

- All the results and conclusions presented in the study, include the study-specific soil profile and sheet pile wall
design conditions. In order to be generalized, it needs to be expanded by further studies.
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