DE GRUYTER

Open Engineering 2024; 14: 20240026

Research Article

Khabeer Al-Awad, Mohammed Y. Fattah, and Ahmed Sh. J. Al-Zuheriy*

Estimation of the settlement of pile head using
ANN and multivariate linear regression based on
the results of load transfer method

https://doi.org/10.1515/eng-2024-0026
received March 05, 2024; accepted April 01, 2024

Abstract: Artificial neural networks, machine learning,
and data preparation are normally implemented in a
wide range of real-world problems, especially in geotech-
nical applications with optimistic prospects of accurate
procedure outcomes. This technique has been utilized to
precisely predict the top settlement of piles with various
piles and soil parameters. Generally, the pile settlement is
an essential requirement to produce a secure structure and
has high-performance services. The current article pre-
sents the fitting of the artificial neural network (ANN) out-
comes by calculating the coefficient of correlation R* between
the predicted and the measured or calculated value of pile
settlement. The ANN algorithm is developed using Python
3.9 IDLE and open-source libraries such as Keras, sklearn,
Numpy, matplotlib, pandas, and Tensorflow. Because of
random training and test performance, the model has
been run at least ten times. The ANN model score and
R? are compared for all runs in the testing phase. The
higher score and R* values are chosen. Moreover, the
Multivariate Linear Regression with the sklearn library
is also offered in this article and utilized to produce a pile
settlement formula by applying the same dataset used in
ANN. The score and R* for choosing the first run of the
ANN are 99.95% and 0.9631, respectively, while the corre-
lation coefficient for the Multivariate Linear Regression in
the training and testing phases is 0.972 and 0.919, respec-
tively. Both techniques illustrate considerable results.
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1 Introduction

Deep foundations (piles) are an essential part of any struc-
ture; the basic function of these foundations is to transfer
the superstructure load to a deeper and stronger bearing
stratum. For common knowledge of geotechnical engi-
neering, piles can be chosen when the use of shallow foun-
dations is not recommended because the bearing capacity
of subsurface soil is inadequate to carry the proposed
building. The settlement of foundations is another basic
considerable parameter. Therefore, the estimated subsoil
settlement with shallow footing must be also less than the
allowable settlement of such footing, otherwise, piles will
be alternative footing. The vast challenge, of pile settle-
ment calculations, is enormous uncertainty factors rele-
vant to soil properties that affect the magnitude of the
settlement [1]. Poulos [2] reviewed theoretical and experi-
mental investigations in the last twenty to thirty years. All
of these studies stated conventional methods to estimate
the settlement of different foundation types (shallow and
deep foundations). It was concluded that most of such
methods could be adjusted or ignored. So, in terms of geo-
technical engineering, the comparison between the estimated
bearing capacity of a pile using ANN and several empirical
formulas was achieved. The outcomes of the ANN model
acceptable estimated piles bearing capacity [3-7].

2 Artificial neural networks (ANN)

Neural Networks are an immensely useful model of machine
learning techniques, with countless applications for real sce-
nario problems. The application of ANNs to solve numerous
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geotechnical issues becomes a frequent approach with a high
degree of success, and this is because of the development of
data management. ANNs are one of the most common artifi-
cial intelligent forms. The earlier study to apply ANN was
introduced in 1985. This study did not reach a finished form
of ANN, the recurrent networks and sigma-pi units were only
investigated. Although the learning procedure for many very
complex problems has not been applied, the results data pro-
mising approaches for further study [8]. Generally, ANNs
could be considered a good growing tool that can be used in
prediction and forecasting fields such as weather forecasting,
stock markets, financial institutions, and scientific research
studies. Gnananandarao et al. [9] confirmed the ability of
ANN models to predict a complex relationship between the
nonlinear data of the predicted settlement of shallow founda-
tions on cohesionless soils. The capability of back-propagation
neural networks was investigated to predict the settlement of
piles with an adequate rate of accuracy in comparison with
conventional methods [10,11]. For more applications of ANN
models, artificial neural networks (ANNs) have been effec-
tively applied more than the traditional methods to estimate
a shallow foundation settlement on granular soils [12]. Overall,
ANNs are useful and powerful implements to solve numerous
field geotechnical problems [13].

Since ANNs are widely used to predict the foundation
settlement, a sequential model of ANN using Python is
developed to estimate the pile settlement of single axially
loaded piles based on the load transfer method. This is the
first objective of the current study.

3 Multivariate linear regression

Very little literature was found in geotechnical research
studies utilizing Multivariate Linear Regression (MLR).
However, general regression can be overviewed here.
Recep [14] stated the use of multiple linear regression
MLR and polynomial equations to offer an expression pre-
dicting the maximum moment across a cantilever sheet
pile with a correlation coefficient of 0.971. The correlation
between in situ settlement measured and predicted values
using the multivariate adaptive regression splines (MARS)
method showed a satisfactory relation so the study offered
the highest accuracy in the regression process [14].

The evaluation of the MLR and ANN model’s perfor-
mance was attained by finding the coefficient of correla-
tion R for estimation of uniaxial compressive strength
(UCS) and modulus of elasticity (E) of intact rock [15]. Tar-
awneh and Imam [16] stated that the ANN model outper-
formed the Multiple Linear Regression MLR model and can
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be adequately utilized to predict pile setup. Furthermore,
in comparison between a multilayer perceptron (MLP) of
artificial neural networks and a regression model, the
former model showed higher performance in the predic-
tion of undrained cohesion intercept of fine soil than the
latter model [17].

The second objective of the current article is to use
multivariate linear regression (MLR) by implementing the
ordinary least squares (OLS). This class can be found in the
open-source library of sci-kit — learn 1.0.2. The input data set
used in this algorithm is the same data set that is utilized in
the ANN model. The normalization of input data is also
performed to obtain more accurate outcomes. The data set
is divided into 60% training (105 samples) and 40% testing
(70 samples) for input data for the MLR model. The output of
the model is compared with normalized pile settlement by
determination of R? in the training and testing phases.

3.1 Data input/output

The data set for both ANN and MLR models is obtained
from an unpublished numerical study relevant to the cur-
rent article author. The input data set contains 175 samples,
each sample has 17 parameters. These parameters are
addressed as features of both models, while the resulting
pile head settlement is considered the output of the models,
which is named a model's target. The features represent
the pile geometry as well as soil profile characteristics.
Although the determination of pile settlement using the
load transfer method is out of the scope of this article,
some details can be presented here related to the ANN
and MLR input features.

Poulos and Davis [18] revealed that the pile settlement
could be calculated using the parameters of pile length, pile
shaft diameter, pile base diameter, pile and soil Young’s
modulus, soil Poisson’s ratio, rigid stratum layer depth, slen-
derness ratio, pile base shaft diameter ratio, pile-soil young’s
modulus ratio, pile embedded ratio, incompressible pile set-
tlement factor, compressible pile correction factors, rigid
stratum depth correction factor, soil Poisson’s ratio correc-
tion factor, stiffness of bearing stratum correction factor,
and finally, applied axial load. These 17 parameters or vari-
ables were calculated by applying various charts [18]. The
settlement of the pile is the outcome of the numerical
analysis based on experimental work of the tip and skin
resistances of bored piles in London clay [19]. The use of
numerical study results rather than the experimental inves-
tigation may be a good idea to take into account the pile
geometry and soil mechanical properties in ANN inputs.
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In this article, the input parameters are L, D, Dy, Ep,
E, Vi, h, LD, Dy/Ds, Ey/E, Lih, I, Ry, Ry, Ry, I, P, and the
output is the pile top settlement (sett), the definition of
these features or variables are presented in notation list.
The features and resulting pile settlement are tabulated in
columns to make the total data set include 175 samples,
which are saved as a comma-delimited file to read the
data using a pandas data frame. It is worth practicing to
enhance the performance of ANN by improving the correla-
tion between the input parameters, extracting the informa-
tion from poor input data, and applying the ANN to develop
new design approaches to geotechnical problems [20].

3.2 Data cleaning

Despite the ANNs being powerful models, the uncertainties
related to the measurement of geotechnical parameters
should be essentially treated to obtain more realistic results
[13]. Therefore, before entering the ANN or MLR model, data
cleaning is an effective step in any machine-learning model to
improve its performance [21]. For the current study, the data
set of pile geometry and soil profile characteristics is prepared
in a spreadsheet. Various statistical analysis and data visuali-
zation approaches, such as histogram and outlier identifica-
tion, can be implemented to discover the nature of data
correlation. Data cleaning operations include identifying and
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eliminating column variables (features) that only have a single
value, or very few unique values, and finally determining and
removing the data set samples that contain duplicate observa-
tions [21,22].

In this investigation, four of 17 columns of parameters
(features of I,, Ry, Ry, and R,) are manually merged in one
feature I, because the values of I were already calculated
dependent on I, Ry, Ry, and R, as Poulos and Davis [18]
stated this relationship. Some relevant features should be
merged into one to boost the performance of the ANN
model [21]. Consequently, 13 parameters would be entered
in the ANN model instead of 17. The parameters will be
only Lg, Ds, Dy, Ey, Es, Vs, h, L/Ds, Dy/Ds, Ey/E, Lih, I, and P
which are used as input data for the ANN and MLR models.

To understand the nature of the data and the distribu-
tion of each input and output parameter, a box and
whisker, and histogram plots are presented to identify
the outlier and data variation for all input and output
data as shown in Figures 1 and 2. This is a beneficial prac-
tice to realize the significant influence of the different vari-
ables on the accuracy of model output [23].

4 Ann model structure

A supervisor ANN model with two hidden layers is devel-
oped using the open-source library of Keras module with
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Figure 1: Box and Whisker plot input data and Pile_Sett as output data.
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Figure 2: Histogram of input data and Pile_Sett as output data.

IDLE python 3.9, a flow chart is presented in Figure 3, and a
pseudo-code is also shown in the Appendix and shows the
algorithm of the model. Such a model is required to read a
data set, which consists of independent parameters (fea-
tures) as input data, as well as the dependent data as a
target of desired data (Pile_Sett). The feature data repre-
sent pile specification, and soil properties and the target
data donate measured top-head pile settlement. As men-
tioned earlier, these data are obtained from unpublished
studies relevant to this article’s author. The ANN model
structure consists of an input layer, a couple of hidden
layers, and an input layer, several processing elements
(PE), or neurons that are usually arranged in hidden layers.
In this model, each neuron in the first hidden layer is fully
connected to each input parameter via its weight (randomly
generated), and a threshold value (bias) is added to form a
perceptron. The value of each neuron comes from the sum-
mation of the input perceptions. Before moving to the next
hidden layer, the value of the neurons can be transferred
using the activation function to make the Neural Network
nonlinearly work. In the current ANN sequential model, the
activation function E-swish is used for both hidden layers
output, this function consistently outperformed other acti-
vation functions on a wide range of real-world problems
and showed state of art results for different data sets [24].
This process is summarized in Figure 4.

20
Pile_Sett

40

The neurons (units) learning, of this ANN model, include
training, validation, and testing. Therefore, the obtained data
are divided into 60% for training, 20% for validation, and 20%
for testing. The input data set (features as an array, and target
as a vector) is randomly divided according to learning data
division percentages. As stated above, the data set has 175
samples (a measurement set of 13 parameters). For the cur-
rently used ANN model, the E-swish function is customized, in
the Keras sequential model, as an activation function [24,25].
Moreover, mean squared logarithmic error (MSLE) is chosen
to be a loss function that is used to solve the regression phase
as shown below. MSLE is calculated as the average of the
squared differences between the log-transformed actual and
predicted values. Adam optimizer is selected to reduce the
error and the learning rate is 0.01, this rate shows the best
model performance. For more model details, the maximum
number of iterations (epoch) is 100. After taking a range of
epochs 50, 80, and 100, the maximum number of 100 offers
the best accuracy and good training.

1 n
MSLE = EZ(log(Yactuali + 1) - log()}predicti + 1)); (1)
i=1

where n is the number of data set samples, yacwa i the
actual value of the data set samples, and Ypreqicc iS the
predicted value of the data set samples (the resulting value
of ANN model run).
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Numpy,Pandas, Tensorflow,Sklearn,Matplotlib,
Keras,Data_Sorting_plotting

Import

Repeat n=10

Read data pd.read_csv(features.csv)
pd.read_csv( targets.csv)

|—I

Normalized features, Normalized targets

split the data to train 60%,test 40%

customization of external activation function ‘swish’
(x * sigmoid(beta * x)), beta=1.5

model =build_model_using_sequential()

Losses function (msle)

optimizers.Adam(learning rate=0.01)

model.fit (X_train, y_train, epochs=100,
batch_size=len(X_train), validation_split=0.18

prediction = model.predict(X_test)

Plot (prediction,y_test)

R_square=r2_score(y_test, prediction)

scores =model.evaluate(X_test, y_test)

Figure 3: A flow chart of ANN algorithm.

In terms of ANN structure, the current model consists
of two hidden layers, in addition to input and output
layers. The number of neurons in the first hidden layer
is 13, the same number of features. The sequence hidden
layer (the second layer) has half the neurons (units) of the
first layer (i.e. around six units).

End

Before entering the ANN model, the normalized input
data set illustrates better accuracy than the standardiza-
tion of such data. Therefore, the normalization of data is
performed before running the model [10]. Since this model
works by random data splitting and randomly generates
the weight and biases for both hidden layers, this model
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input layer hidden layer #1
(175 samples,13 normalized features) (E-swish,8=1.5)

Y1=Xi, j*W13, 13+b1

X(1,1)

X (175, 13)

Figure 4: ANN structure.

has been run at least ten times. Subsequently, the best
value of the coefficient of correlation R* and model accu-
racy has been chosen.

In this study, the data sets have been normalized
between 0 and 1 for input and output data sets using the
following equation:

Normalized varibale value
the orignal variable value — minmum value of the data set

maximum value of the dataset — minmum value of the data set

5 Model validation and testing

The validation of the training phase is usually executed to
confirm the phase performance so that the model effec-
tively achieves its proposed determination. For this prac-
tice, the validation data sets have not been utilized as input
data for the learning process.

The correlation coefficient R, Mean Squared Logarithmic
Error (MSLE) and accuracy score are the essential criteria
that are used to assess the predictive ability of the ANN
model. The relative correlation between the actual or desired
output and the prediction data can be measured by calcula-
tion of R%. The Mean Squared Logarithmic Error (MSLE) is the
most common cost function chosen to measure the error in
the descent gradient stage.

The accuracy score for the model is also calculated and
if for any reason such as randomly dividing the data set,
this accuracy score is low, the ANN model is run ten times
to obtain a high descent accuracy score.
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hidden layer #2
(E-swish,8=1.5)

output layer
(normalized predicted pile sett.)

Y2=G (Y1)* W13, 6+b2

Y3=6 (Y2)* W6, 1+b3

6 Results and discussion

The ANN and MLR models have been run and the out-
comes of both models are discussed and presented in
this section.

6.1 ANN run

The ANN model is run at least ten times because the input
data set is randomly divided for training, validation, and
testing phases. The divided dataset may be altered at each
new run. Therefore, the ANN score and the coefficient of
correlation R*in the testing phase also show various values
as shown in Figure 5.

From Figure 5, it can be noticed that the first run
demonstrates the maximum values for both R* and the
score of the ANN, they are 96.31 and 99.95% respectively.
All outcomes of this run can be chosen as perfect ANN
model parameters such as the weights and biases for all
layers of connection of the ANN model.

To obtain the optimal values of the parameters, the
minimum value of the chosen loss function is calculated
by the iterative running of the gradient descent technique.
Mathematically, this technique is the derivative of the loss
function to attain the minimum point. Learning rate is the
size of the derivative step that offers some additional con-
trol over how large steps can be made. Despite the large
step requiring less time consuming, the desired lowest
point could be overshot. Whereas a low learning rate is
more precise, the gradient descent takes a very long time to
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Figure 5: ANN Score and R? at the testing phase.

reach the minimum slope of the loss function [24]. There-
fore, the used learning rate in this model is 0.01, this rate is
commonly utilized [26]. Figure 6 depicts the gradient des-
cent of the loss function for the training and testing phases.
It can be noticed that the losses reach the lowest point
when the iteration ranges from 80 to 100.

The plot of the measured (target) and predicted settle-
ment for the testing set for the ANN model are shown in
Figure 7. The correlation coefficient is 0.963.

The weight of each parameter for the optimal ANN
model (best results) can be shown for comparison purposes.

model loss

—— train
test

0.06
0.05
0.04
w
£ 0.03
0.02 1
0.01

0.00 -

40 6IO 80 1(')0

iteration

Figure 6: ANN model loss in training and testing phases.

run_>s

99.94 99.95 99.93 99.95 99.8 99.86

96.2
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To avoid presenting too much information, only the first
neuron for each layer is illustrated. The change of each
parameter percentage participates in calculating the
first neuron value in the first and second hidden layers
(Figure 8a and b). For example, the participation percen-
tage of the applied vertical load (P) is 32% in the first
neuron of the first hidden layer, whereas this percentage
drops to 3% in the first neuron of the second hidden layer.
It can be observed that the percentage change of other
parameters for the mentioned neurons is illustrated in
Figure 8.

104 — pred.iction
® Testing
[
0.8 1
R"2=0.9631312910630694
c 0.6 1
2
©
-]
2
[} 0.4
0.2
0.0 1
0.0 0.2 0.4 0.6 0.8 1.0
testing

Figure 7: The predicted and testing normalized pile top settlement.
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2% >
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Figure 8: (a) The first neuron of the first hidden layer and (b) the first neuron of the second hidden layer.

Figure 9 shows the percentage of each of the six
weights (portions) to predict the normalized pile settle-
ment in the output layer. Each portion was formed by
various percentages of all parameters.

6.2 MLR run

A linear mathematical model is formed in this section.
Therefore, the multivariate linear regression is run using
the same data set which is used in the ANN model. All
features are also normalized before running the MLR
model. The data is divided into 60% for the training phase
and 40% for the testing phase.

Figure 10 depicts the correlation between the normal-
ized training pile settlement from the data set which is
defined as measured pile settlement and the prediction
of normalized pile settlement using Multivariate Linear
Regression MLR. This regression offers a coefficient of
determination R* of 0.972 and Intercept of (-0.10966845).

In the testing phase, the resulting regression coeffi-
cients in the training phase are used with normalized

w3,1
-19%

W3,6
21%

W3,5 Ww3,2

16% 18%
W3,4 w33
oo -16%

Figure 9: Output neuron with its six weights to predict pile settlement.

features of the testing phase to estimate the normalized
pile top settlement. The following equation is presented
by applying the normalized values of all independent para-
meters, and these parameters are detonated in a later
Notation list:

prediction_test = coef. dot(X _test. T) + intercept, (3)

or applying this model on a testing data set of 70 sam-
ples as the following

Normalizedpile settlement =
- 0.18138084(L;) — 0.2645253(D;) + 0.01658562(Dy,)
- 0.06294832(E,,) - 0.02684476(E;) - 0.00455433(V;)
- 0.00282297(h) + 0.24802737(L/Ds) - 0.00253914(Dy,/Ds)
+ 0.49255763(E,/E;) — 0.00588953(L/h) + 0.34158744(1)
+ 0.35446004(P).

—— prediction
@ training

0.8 1

o
o

o
S

R™2= 0.972

o
N

linear reg.predicted pile Sett(normalized)

o
=}

0.3 0.4 0.5 0.6 0.7 0.8

measured pile Sett.(normalized)

0.'1 0.'2
Figure 10: The correlation between the normalized training data set

which is defined as measured pile settlement and the predicted nor-
malizing pile settlement due to regression.
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Figure 11: The correlation between the normalized testing data set
which is defined as measured pile settlement and the predicted nor-
malizing pile settlement due to regression.

Figure 11 illustrates the correlation between the nor-
malized testing pile settlement from a data set defined as
measured pile settlement and the prediction of normalized
pile settlement using the mathematical equation men-
tioned above. The relationship shows a coefficient of deter-
mination R of 0.919.

Comparisons between the results obtained from the
optimal ANN model and Multivariate linear regression
MLR to estimate the pile settlement are presented in this
section. As shown in Figure 12, the passion’s ratio, depth of
rigid stratum, pile length to stratum depth ratio, and pile
base diameter to shaft diameter ratio are insignificant
parameters to predict normalized pile settlement. Unlike,
these parameters have substantial proportions in the ANN
model.

Treatment of pile problems using numerical and ANN
models has been covered by several researchers [27,28].
The present study proved the capability of ANN algorithms
in solving the problem of pile settlement.

MLR Ls | Ds | Db
P -9% | -13% 1%
18%

(] Ep
-3%

Es
I -1%
17% — Vs
0%

h

L/h 0%
0% | | Ep/Es Db/Ds | | L/Ds
25% 0% 13%

Figure 12: The participation percentages of parameters to estimate pile
settlement using MLR.
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7 Conclusions

Keras-sequential ANN model has been utilized to predict

the top head pile settlement. This model has state of the art

activation function E-swish in the transformation stage
and has a loss function of mean squared logarithmic error

(MSLE) in the gradient descent stage as mentioned above.

The following conclusions could be obtained:

1. The results indicate that the current neural network can
predict the pile top settlement with high accuracy
(coefficient of determination, R* = 0.9631, MSLE =
1.06 mm) for anticipated settlements ranging from
2.753 to 38.786 mm.

2. The distinctively essential advantage of using the ANN
model, once the model is trained, the model can predict
the top head pile settlement. However, the traditional
methods to calculate pile settlement, such as elastic solu-
tion and load transfer method, these methods are required
using charts and tables manually to calculate pile geo-
metry and soil properties correction factors.

3. Moreover, it is worth practicing to form a mathematical
model predicting pile top head settlement using MLR
which also shows a great correlation between estimated
and measured pile top head settlement with R* = 0.919.
Accordingly, in terms of machine learning, the use of
MLR is promising to be applied for determining pile
settlement based on input data set division.

4. Finally, as a result, the use of ANNs shows beneficial
practices and powerful implementation to predict pile
settlement. In the testing phase, the ANN model offers
higher performance than the multiverse linear regres-
sion MLR as [16,17] reported.
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Appendix

ANN Pseudocode:

Import standard library; NumPy, pandas, sklearn,
TensorFlow, Keras, and matplotlib.

Read dataset of samples file has 13 parameters and 175
samples (features.csv)/pandas

Read separately the target file has 175 samples (target.
CSV)/pandas

Convert the DataFrames features and targets to
NumPy.arrays

Using the number of neurons in the first hidden layer
= parameters No = 13

Using the number of neurons in the second hidden
layer = parameters No/2 = 6

Normalization of features and targets

Estimation of the settlement of pile head = 11

Randomly split the dataset to train 60%, test 40%, and
validation 18% of trained data (/sklearn.

Save the data as x_train, y_train, x_test, and y_test.

Customization of the external activation function (E-swish
function, 3 = 1.5) for all hidden layers outcomes.

Update of custom_objects for the Keras model.

Build an ANN model using Keras. sequential

Using Mean Squared Logarithmic Error (MSLE), loss
function

Compile with Adam optimizer and learning rate = 0.01

History fitting X_train and Y-train and epoch = 100

Prediction model

Save the weights and biases for all layers
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