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Abstract

The application of steel strut force servo systems in deep excavation engineering is not widespread, and there is a notable scarcity of
in-situ measured datasets. This presents a significant research gap in the field. Addressing this, our study introduces a valuable dataset
and application scenarios, serving as a reference point for future research. The main objective of this study is to use machine learning
(ML) methods for accurately predicting strut forces in steel supporting structures, a crucial aspect for the safety and stability of deep
excavation projects. We employed five different ML methods: radial basis function neural network (RBFNN), back propagation neural
network (BPNN), K-Nearest Neighbor (KNN), support vector machine (SVM), and random forest (RF), utilizing a dataset of 2208 mea-
sured points. These points included one output parameter (strut forces) and seven input parameters (vertical position of strut, plane posi-
tion of strut, time, temperature, unit weight, cohesion, and internal frictional angle). The effectiveness of these methods was assessed
using root mean square error (RMSE), correlation coefficient (R), and mean absolute error (MAE). Our findings indicate that the BPNN
method outperforms others, with RMSE, R, and MAE values of 72.1 kN, 0.9931, and 57.4 kN, respectively, on the testing dataset. This
study underscores the potential of ML methods in precisely predicting strut forces in deep excavation engineering, contributing to
enhanced safety measures and project planning.
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1 Introduction

With the increasing development of underground
spaces, deep excavations are becoming more frequent
(Roboski & Finno, 2006; Hsiung, 2009; Hsieh et al.,
2013; M. Li et al., 2018; Li et al., 2019; Xu et al., 2022).
Strut forces are a crucial factor that should be considered
in the support system of deep excavation due to its signif-
icant impact on the safety of construction and control of
soil deformation (Goh et al., 2017; Jamsawang et al.,
2017; Zhang et al., 2019). However, in actual monitoring,
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the strut forces are usually monitored manually, and there
is always a hysteresis, and it is impossible to provide early
warning in time, which can easily cause safety hazards
(Coutts et al., 2001; Li et al., 2020; Chen et al., 2021). In
addition, it is impossible to predict future changes in strut
forces and provide early warning of the strut forces. There-
fore, more effective methods for predicting strut forces of
deep excavation under various factors are urgently needed
to overcome these limitations.

Recent advances in machine learning (ML) methods
have made them an effective research tool in a number of
geotechnical engineering fields, such as rock mechanics,
landslide and liquefaction, foundations, tunnelling and
tunnel boring machine (TBM), deep excavation and so
on. The mechanical behavior of rocks is the subject of
ehalf of KeAi Communications Co. Ltd.

mmons.org/licenses/by-nc-nd/4.0/).

https://doi.org/10.1016/j.undsp.2023.12.005
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:huxunjian2021@zju.edu.cn
https://doi.org/10.1016/j.undsp.2023.12.005
http://crossmark.crossref.org/dialog/?doi=10.1016/j.undsp.2023.12.005&domain=pdf


Fig. 1. RBFNN schematic (modified from Sayadi et al., 2013).
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the scientific field known as rock mechanics (Goodman,
1989). The application of ML methods in the field of rock
mechanics is due to their ability to classify and anticipate
complex patterns. In the field of rock mechanics, it is com-
mon to predict parameters like peak particle velocity, fly
rock, strength, fragmentation, and others (Dehghani &
Ataee-Pour, 2011; Ebrahimi et al., 2016; Saghatforoush
et al., 2016; Singh et al., 2017; Hu et al., 2023). Landslides
and soil liquefaction can be triggered by earthquakes or
dynamic loading. When stress conditions, resembling those
induced by an earthquake, undergo sudden changes, the
strength of soil diminishes, leading to liquefaction. Soil liq-
uefaction leads to the development of landslides, which are
defined as the movement of soil down a slope (Samui &
Sitharam, 2011). Liquidification potential, slope move-
ments, landslide susceptibility, and other parameters are
among the output parameters that are frequently predicted
using ML (Kazeev & Postoev, 2017; Aditian et al., 2018;
Njock et al., 2020; Phong et al., 2021). Whereas deep foun-
dations, like piles, transport loads to a deeper level or to
the bedrock, shallow foundations are close to the ground
surface and transfer loads from the structure to shallow
depths (Reese et al., 2005). Because ML methods can fore-
see non-linear patterns, researchers have used them to pre-
dict various models of foundation engineering problems
(Rezaei et al., 2016). In general, ML methods are used by
researchers to forecast load capacity and pile settlement
(Nejad et al., 2009; Shahin, 2016; Bagińska & Srokosz,
2019; Sasmal & Behera, 2023). Tunnels are a sort of under-
ground passageway built by civil engineers that can travel
through a variety of obstructions, including hills, moun-
tains, submerged structures, and water sources. Using a
TBM is one technique used to excavate tunnels (Xu
et al., 2019). In order to reduce the danger of drilling fail-
ures and ensure tunnel stability, tunnel design and TBM
performance are essential variables (Benardos &
Kaliampakos, 2004). There could be serious financial and
personal losses if a tunnel collapses. Researchers have used
ML algorithms to forecast characteristics like penetration
rates for TBMs (Mahdevari et al., 2014). The primary
advantage of these techniques is in their ability to predict
intricate geology and groundwater hydrological processes
(Yagiz et al., 2009). The performance of TBMs, the load
and settlement brought on by tunneling, and other factors
are among the most frequently anticipated parameters in
tunneling and TBM research (Goh & Hefney, 2010;
Yagiz & Karahan, 2011; Bouayad & Emeriault, 2017;
Cachim & Bezuijen, 2019). Deep excavation refers to the
need to dig deep pits in the ground for the construction
of underground buildings, underground passages and
underground garages. Commonly predicted parameters in
deep excavation are wall deflection and ground settlement.
Chua et al. (2005) employed Bayesian neural networks to
estimate wall deflections in deep excavations. Zhang et al.
(2015) introduced a straightforward predictive model for
the estimation of wall deflection resulting from braced
excavation in clay soils. Sou-Sen and Hsien-Chuang
(2004) proposed a regression model based on neural net-
works to analyze the ground surface settling caused by
deep excavation. However, the critical aspect of strut forces
is overlooked.

In general, there are few studies on predicting the strut
forces of the steel supporting structure of deep excavation
considering various factors by machine learning methods
(Sou-Sen & Hsien-Chuang, 2004; Chua & Goh, 2005;
Zhang et al., 2015), and this research method can predict
the steel strut force in advance and provide early warning
for the steel strut force. In addition, the steel strut force
servo systems are used to monitor the strut force, which
can solve the problem of untimely manual monitoring.
Furthermore, the usage of steel strut force servo systems
in deep excavation engineering applications is infrequent,
and in-situ measured datasets are relatively scarce. The
application scenarios and dataset presented in this study
can serve as a beneficial point of reference for future
research of the similar nature. The purpose of this study
is to fully utilize ML methods to forecast the strut forces
of the steel supporting structure of deep excavation consid-
ering various factors, and the training and prediction of the
model is based on 2208 measured data from real projects.
Section 2 introduces the underlying algorithms of five
ML methods, i.e., radial basis function neural network
(RBFNN), back propagation neural network (BPNN), K-
Nearest Neighbor (KNN), support vector machine
(SVM), and random forest (RF), respectively. Then, ML
methods are trained and validated with the measured data.
2 Fundamentals of ML methods

2.1 RBFNN

The RBFNN is a very powerful artificial network for
categorization and pattern recognition. As can be seen in
Fig. 1, the RBFNN structure only requires one hidden
layer, drastically cutting down on processing time.

Hidden layer transfer function / is always Gaussian
(Sayadi et al., 2013).
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/ Pð Þ ¼ exp � 1

2rj
kP � Cjk2

� �
; ð1Þ

where P stands for the input vector, rj stands for the exten-
sion of Gaussian function, and Cj stands for the center of
Gaussian function.

It is possible to calculate the jth network output dj in the
RBFNN using (Demuth et al., 1994):

dj ¼
XN
j¼1

/j Pð Þwij; ð2Þ

where /j stands for the jth neuron output, and wij stands

for the weight of output layer. In this study, there are seven
nodes in the input layer of the RBFNN and one in the out-
put layer. RBFNN uses a maximum neural size of 25, a
spread value of 0.01, and a goal error value of 0.001.

2.2 BPNN

The BPNN algorithm, a multi-layer feed-forward ML
approach, was proposed by Rumelhart et al. (1986). Fig-
ure 2 depicts the three layers that make up a BPNN: the
input layer, the hidden layer, and the output layer. In this
research, we employ strut forces as the output neuron and
vertical position of strut, plane position of strut, time, tem-
perature, unit weight, cohesion and internal frictional angle
as inputs.

Multiplying dataset X by accelerates BPNN
convergence

X i ¼ X � Xmin

Xmax � Xmin

; ð3Þ

where X i stands for the normalized data, Xmax for the max-
imum value, and Xmin for the minimum value. Layer-to-
layer data transfer is performed with the help of a matrix
operation

y ¼ x� wþM; ð4Þ
where x is the eigenvector of the layer before it and y is the
vector output that will be transmitted on to the next layer,
Fig. 2. BPNN schematic (modified from Yan et al., 2021).
w represents the weight, and M represents the bias matrix
that will be used to turn the eigenvector into a vector
output.

The sigmoid function is employed as the activation func-
tion to make the network more nonlinear.

f sig zð Þ ¼ 1

1þ e�z
ð5Þ

The BPNN model begins by establishing the weights
and biases in an arbitrary fashion. When it comes to com-
pare the output data, the BPNN model consults the predic-
tion error function f loss after first receiving the input data.

f loss ¼ y� � yð Þ2; ð6Þ
where y� and y represent, respectively, the data that was
actually collected and the data that was predicted. During
the process of back propagation, the error that was found
at the output is sent back to the input layer by way of the
hidden layers. This allows the weights of the various com-
ponents to be adjusted more precisely. The output value is
gradually converged upon the predicted value through
these iterative adjustments. In this study, the BPNN has
7 nodes in the input layer, 25 nodes in the hidden layer,
and 1 node in the output layer. The BPNN has 3000 itera-
tions, a convergence error of 0.001, and a learning rate of
0.1, respectively.

2.3 KNN

The KNN algorithm was created by Altman (1992) for
classification issues. Imagine that the vector that needs to
be classified is xt

q. The goal of the KNN method, as shown

in Fig. 3, is to identify the k vectors in the sample space
that resemble xt

q the most. Next these k vectors are

counted, and the class with the highest frequency is identi-
fied as xt

q. The value of k is determined to be 5 in this study.
Fig. 3. KNN schematic (modified from Hu et al., 2014).



Fig. 4. SVM schematic (modified from Wei et al., 2022).
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The Euclidean distance between two vectors is the stan-
dard way to evaluate the degree to which they are compa-
rable to one another.

DE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXd

q¼1

xs
q � xt

q

� �2

vuut ; ð7Þ

where xs
q is a representation of the sample vector and d is a

representation of the sample dimensions.

2.4 SVM

The SVM technique was initially introduced for the pur-
pose of data classification. It was later developed by
Drucker et al. (1997) for regression and prediction analysis
(S. Liu et al., 2023; Zhang et al., 2021). The SVM algorithm
might arrive at the answer for y as

y ¼ w � u xð Þ þ b; ð8Þ
where w stands for weight coefficients, x stands for the
input (which could be temperature, time, or anything else),
u xð Þ stands for a nonlinear transformation function, and b
stands for a bias component. If the following premise is
valid, then it is possible to get the weight coefficients w

and b by minimizing 0:5kwk2. This is made possible by
the fact that the following premise is true.

yi � w � u xið Þ þ b½ �j j � e; ð9Þ
where e stands for a threshold parameter.

To penalize scores outside of the e-insensitive band, it is
required to use both the ni and n�i relaxation variables. The
optimal regression line can be defined when

0:5kwk2 þ c
Pd
i¼1

ni þ n�i
� �

is minimized as much as possible,

where c stands for a penalty parameter that specifies how
training error and model complexity are traded off, pro-
vided the following prerequisite is met.

yi � w � u xið Þ þ b½ � � eþ ni
w � u xið Þ þ b½ � � yi � eþ n�i

	
ð10Þ

Equation (10) becomes a dual problem.

max :
Pd
i¼1

yi a
�
i � ai

� ��Pd
i¼1

e a�i þ ai
� �� 1

2

Pd
i¼1

Pd
j¼1

a�i � ai
� �

a�j � aj
� �

xT
i xj

Pd
i¼1

a�i �
Pd
i¼1

ai ¼ 0 with 0 � ai � c and 0 � a�i � c

8>>><>>>: ;

ð11Þ

where a�i , ai, a
�
j , and aj represent Lagrangian multipliers.

It is possible to determine the SVM model by solving
Eq. (11).

y ¼
Xd

i¼1

a�i � ai
� �

K xi; xð Þ þ b; ð12Þ

where K xi; xð Þ denotes the function that is used for the ker-
nel. Figure 4 illustrates the basic idea behind the SVM
approach to solving prediction and regression-related
issues. SVM kernel functions for geotechnical problems
should employ the radial basis function (Samui, 2008). This
study will employ the radial basis function as the kernel
function and set the penalty parameter c to 1.

2.5 RF

The RF approach, developed by Breiman (2001), is an
ensemble algorithm that takes an average of the results
from many decision trees (Fig. 5). The RF may prevent
data from overfitting and has a quick convergence rate,
both of which help to increase prediction accuracy (Y. Li
et al., 2018). The m observations in the training data set
(Sm) can be represented as

Sm ¼ x1; y1ð Þ; x2; y2ð Þ; . . . ; xm; ymð Þf g xi 2 Rd; yi 2 Rð Þ;
ð13Þ

where m refers to the total number of data points used for
training.

As can be seen in Fig. 5, t sets of training data are
generated from the original data set using the bootstrap
sampling process. Each additional data set represents a
fully grown, unpruned decision tree in the categorization
and regression trees (CART) approach. The RF can
calculate the best way to divide up the characteristics at
each node. It is a common practice to either artificially
restrict the number of branches in a decision tree or let it
develop naturally for a predetermined number of iterations
in order to identify the ideal single decision tree. After the
training is complete, a global prediction function
y ¼ h x;Smð Þ is developed over Sm. The RF generates the
forecast by averaging the results of these decision trees

(i.e., ey 1 ¼ eh x; eS 1

� �
; ey 2 ¼ eh x; eS 2

� �
; � � �; ey t ¼ eh x; eS t

� �
).

This means that a new input vector x yields the following
result:



Fig. 5. RF schematic (modified from Wei et al., 2022).
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y ¼ 1

t

Xt

l¼1

ey l ¼ 1

t

Xt

l¼1

eh x; eSl

� �
: ð14Þ

By tweaking the decision tree depth and number, an
ideal RF-based model can be created. A more robust and
accurate model can be achieved by using additional deci-
sion trees. Yet the larger the number, the longer it takes
to calculate, and the more likely that the accuracy of your
predictions will level off after you pass a certain threshold.
The strength of individual decision trees and their interde-
pendence are affected by their depth. The objective of the
RF is to optimize for runtime, decision tree robustness,
and tree correlation. After the final goals are achieved,
the trained model is considered good to go. Under the
scope of this study, there are a total of 100 decision trees,
and each decision tree has a depth of 4.
3 Methodology

3.1 Dataset preparation

The number and quality of datasets, as well as the type
of ML algorithms, can impact prediction accuracy, accord-
ing to Baghbani et al. (2022). The use of data from a single
source, as opposed to data from several sources, improves
prediction accuracy in the training of ML models.

This project is a deep excavation project in Guangdong
Province, China. The depth of this deep excavation is
16.68 m, the width of standard section is 21.1 m, the thick-
ness of diaphragm wall is 800 mm, the first supporting
structure is concrete strut, and the second, third, fourth
and fifth courses of standard section adopt U800 mm steel
strut. In order to facilitate active control of the deep exca-
vation, the second to fifth courses adopt steel strut force
servo system, totaling 92. This system can realize 24 h
real-time monitoring of the strut forces, which can satisfy
the 24 h data source collection of this study and solve the
problem of difficult manual data collection.

This steel strut force servo system adopts the TH-AFS
(A) servo system produced by Shanghai Tonghe Civil Engi-
neering Technology Co. Firstly, for the unreliability of the
proportional relief valve, the TH-AFS(A) servo system
directly adjusts the flow rate of the hydraulic pump output
by controlling the speed of the inverter motor, so that the
system will not be at full load for a long time, and there
is no excess hydraulic oil returning to the tank through
the relief valve, which minimizes the instability of the
hydraulic system. Secondly, for the unreliability of the
mechanical lock, TH-AFS(A) servo system increases the
reliability of the system by using the liquid-controlled
check valve instead of the mechanical lock, and also avoids
a series of problems of the mechanical lock, so that the
strut forces measured by the sensor is always equal to the
real strut forces of the steel struts, which avoids the occur-
rence of punching and cutting damage. Therefore, the use
of this system can ensure 24 h real-time monitoring of
the real strut forces of the steel struts, ensuring the accu-
racy of the data source of this study. The most important
point is that this system can adjust the pressure of the
hydraulic jack, so that the strut force of the steel strut
changes from passive compression and relaxation deforma-
tion to active pressure control and deformation. It can
actively control the deformation of the enclosure structure
according to the deformation control requirements (Fig. 6).



Fig. 6. Steel strut force servo system.
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In this study, numbering rules of vertical position of
strut and plane position of strut are shown in Fig. 7. Since
both vertical and plane position of strut is equally spaced,
we number them according to the Arabic numerals. For the
vertical position, since a concrete strut exists above, the
first steel strut is numbered as vertical position of strut 2,
the second steel strut is numbered as vertical position of
Fig. 7. Profile views of deep excavation. Note: c – Unit weight (k
strut 3, the third steel strut is numbered as vertical position
of strut 4, and the fourth steel strut is numbered as vertical
position of strut 5. For plane position, the steel struts are
numbered from left to right as 1–23, and the distance
between steel struts is 3 m. This measurement was taken
at the formation depth of 16.68 m and the excavation pro-
cess has been completed. Time starts at 17:00 and ends at
N/m3); c – Cohesion (kPa); u – Internal frictional angle (o).
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16:00 the next day, sampling at 1 h intervals, which is
counted as 17, 18, 19, 20, 21, 22, 23, 24, 1, 2, 3, 4, 5, 6,
7, 8, 9, 10, 11, 12, 13, 14, 15, and 16 in order. The temper-
ature is the strut temperature at the corresponding
moment. It also shows the unit weight, cohesion and inter-
nal frictional angle at the corresponding position of strut.

Table A1 in Appendix A provides information of these
datasets. A total of 2208 strut forces data were collected,
and the input parameters include vertical position of strut,
plane position of strut, time, temperature, unit weight, cohe-
sion and internal frictional angle. The output parameter of
the model is strut forces. We determined the Pearson corre-
lation coefficient of any two parameters to comprehend the
straightforward association between them. Strong positive
correlation is indicated by a value of 1, whilst strong nega-
tive correlation is shown by a value of �1. As presented in
Fig. 8, the vertical position of strut, unit weight, cohesion
and internal frictional angle shows their strongest correla-
tion with strut forces (the Pearson correlation coefficient
are 0.909, 0.816, 0.908, and 0.840, respectively). This indi-
cates that the vertical position of strut and soil properties
have a large influence on the magnitude of strut forces.
The Pearson correlation coefficient of plane position of strut
and strut forces is 0.112, which indicates that the plane posi-
tion of strut has less influence on strut forces. This is because
the important influencing factors such as soil parameters in
the same plane position where the strut is located basically
do not change too much. The Pearson correlation coefficient
of time and strut forces is 0.023, which shows that the time
of that day has little effect on strut forces. The effect of
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temperature is slightly greater than time, but on that day
the effect on strut forces is also small compared to other fac-
tors such as vertical position of strut, unit weight, cohesion
and internal frictional angle.

Feature importance serves as a valuable tool for selecting
input parameters, and RF technique is capable of automat-
ically computing feature importance. Based on the com-
puted results, the ranking of feature importance for the
seven input parameters, arranged in descending order, is
as follows: internal frictional angle, unit weight, cohesion,
vertical position of strut, plane position of strut, tempera-
ture, and time. This shows that in this dataset, soil param-
eters have a greater impact and time has a smaller impact.

In order to provide a more in-depth description of the
datasets, Fig. 9 displays box-and-whisker plots as well as
scatter plots that include a normal distribution function.

The dataset is divided into two unique subsets that are
completely separate from one another: the testing and
training set. The dataset is partitioned into 8∶2 ratios in
accordance with accepted practice (Mahmoodzadeh et al.,
2022). The remaining 442 data points are thus used for test-
ing, whereas 1766 data points are picked for training.

3.2 Model implementation, verification and evaluation

Figure 10 depicts the workflow split down into its com-
ponent elements, which shows how the five ML methods
were implemented in the MATLAB environment.

The effectiveness of the five ML methods is measured by
the root mean square error (RMSE), the correlation
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coefficient (R), and the mean absolute error (MAE) (Yan
et al., 2021). The following equations are used to calculate
these metrics:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1

yi � y�ið Þ2
s

; ð15Þ

R ¼
Pn

i¼1 y�i � y�
�� �

yi � y
�� �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

y�i � y�
�� �2

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

yi � y
�� �2s ; ð16Þ

MAE ¼ 1

n

Xn

i¼1

y�i � yi


 

; ð17Þ

where n represents the number of data points, yi is the set
of values that have been observed, y�i is the set of values

that have been predicted, y�
�

is the mean of the predicted

values, and y
�
is the mean of the values that have been

observed.
Fig. 10. Workflow o
4 Results and discussions

4.1 Comparison of ML methods

Figure 11 shows a comparison between the strut forces
that were observed and the strut forces that were predicted
based on the training datasets, and points on the 1∶1 line
show the exact prediction (pink solid line in Fig. 11). If a
forecast is accurate, the point will be located closer to the
1∶1 line. Figure 11 demonstrates that the training data
points are clustered close to the 1∶1 line, indicating that
the five ML methods produce good predictions on the
training datasets. The RMSE for RBFNN, BPNN,
KNN, SVM, and RF are 136.4, 29.1, 76.6, 89.1, and 40.8
kN, respectively. Figure 10(a) shows that the RBFNN
model has the worst training performance of the five
approaches because it has the highest discrepancy between
scatter and bisector.

After all ML methods have been trained, they are put to
the test on the testing dataset. Observed strut forces for the
f ML methods.
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Fig. 11. Comparison of training dataset: (a) RBFNN; (b) BPNN; (c) KNN; (d) SVM; (e) RF.
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testing dataset are compared to predicted strut forces in
Fig. 12. Five different ML testing strategies have points
scattered around the 1∶ 1 line in the dataset (pink solid line
in Fig. 12). The RMSE for RBFNN, BPNN, KNN, SVM,
and RF are 205.9, 72.1, 87.8, 132.1, and 116.8 kN, respec-
tively. The testing dataset includes strut forces that vary
from 1040.9 to 2854.3 kN, with a mean of 1983.1 kN
(Fig. 12). Just 2.89% of the average value across test data-
sets is accounted for by BPNN’s MAE of 57.4 kN. Thus,
the best prediction performance is shown by the BPNN,
indicating that the BPNN has considerable benefits in pre-
dicting strut forces under the seven conditions discussed in
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Fig. 12. Comparison of testing dataset: (a) RBFNN; (b) BPNN; (c) KNN; (d) SVM; (e) RF.
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this work. The RBFNN, on the other hand, is the least
effective at making predictions.

Observed values for the testing dataset are compared to
the values predicted by the five ML methods in Fig. 13. It is
clear that the predictions agree with data in most cases.
Table 1 summarizes the key performance indicators. For
validation data, the R-values for RBFNN, BPNN, KNN,
SVM, and RF are 0.9387, 0.9931, 0.9864, 0.9733, and
0.9867, respectively. For the validation set, BPNN has bet-
ter RMSE and MAE results than RBFNN, BPNN, SVM,
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and RF (Table 1). In light of these seven considerations,
the BPNN is advocated for use in predicting strut forces.

4.2 Advantages and limitations of the proposed approach

For theoretical analysis, it has a tendency to simplify the
actual engineering problem and cannot truly restore the
actual data (Fu et al., 2023). For numerical simulation,
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Fig. 13. Comparison of five ML methods for testing datase
the determination of parameter values often depends on
empirical knowledge, and for projects including extensive
data, the computation necessitates significant time
(Zhuang et al., 2023). For actual engineering monitoring,
there is often a delay in data monitoring, which hinders
the ability to promptly issue warnings about the project
(K. Liu et al., 2023). In addition, this method can also take
into account the spatial variability of the soil and simulate
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Fig 13. (continued)

Table 1
Comparison of five ML methods.

ML methods Training dataset Testing dataset

RMSE (kN) R MAE (kN) RMSE (kN) R MAE (kN)

RBFNN 136.4 0.9713 108.2 205.9 0.9387 163.3
BPNN 29.1 0.9987 21.2 72.1 0.9931 57.4
KNN 76.6 0.9911 50.9 87.8 0.9864 60.5
SVM 89.1 0.9879 60.3 132.1 0.9733 102.0
RF 40.8 0.9976 29.1 116.8 0.9867 91.2
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the soil parameters in a way that is more consistent with
reality, and of course the evolution of the soil parameters
over time (Pan et al., 2018; Wang et al., 2023; Wu et al.,
2023). The most significant contribution of this study was
the utilisation of machine learning techniques to predict
the strut forces of the steel supporting structure in deep
excavations under various conditions. This approach effec-
tively addresses the challenges that cannot be resolved
through theoretical analysis, numerical simulation, and
field monitoring. In addition, the steel strut force servo sys-
tems are employed to oversee the strut force, hence
addressing the issue of inadequate manual monitoring.
Furthermore, the usage of steel strut force servo systems
in deep excavation engineering applications is infrequent,
and in-situ measured datasets are relatively scarce. The
application scenarios and dataset presented in this study
can serve as a beneficial point of reference for future
research of a similar nature.

More in-situ data will be required in the future to sup-
plement the training sample data because this study was
a preliminary investigation of applying ML methods to
forecast the strut forces of the steel supporting structure
of deep excavation considering various factors. The pro-
posed prediction model only took seven input characteris-
tics into account due to the small amount of engineering
data used in this study. To train the model and increase
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its generalization capability and prediction accuracy, fur-
ther input parameters and engineering data will be required
in the future (Cai et al., 2023). In addition, the evolution of
soil parameters with time next to the same strut was not
considered in this study, which can be further explored in
the subsequent study (Zhou et al., 2022). Moreover, some
ML models are good at addressing time variables, like long
short-term memory (LSTM). The five ML models in this
study are widely used to address variables without time.
Since the time factor has little impact in this dataset, this
study considers it as an input parameter. In subsequent
datasets with a greater impact on time, time-related models
such as LSTM can be considered for machine learning
(Zhang et al., 2022; Phoon & Zhang, 2023). In addition,
this study uses a one-day dataset and focuses on studying
the changes in strut forces within a day. Later, factors such
as longer duration and excavation level may also be consid-
ered in the study. Furthermore, more data could be col-
lated across different deep excavations with excavation
dimensions and strut layout parameters incorporated into
the training to provide a tool which can assist with predict-
ing strut loads in other deep excavation projects.

5 Conclusions

In this work, the ML method is used to predict the strut
forces of the steel supporting structure of deep excavation
considering various factors, and the training and prediction
of the model are based on 2208 measured data from real
projects. Five ML methods based on the RBFNN, BPNN,
KNN, SVM, and RF were developed. The RMSE, R, and
MAE performance metrics are utilized in order to evaluate
how well a model predicts results from both training and
testing datasets. The following is a concise summary of
the findings:

(1) When contrasted with actual observations, the results
demonstrated that the five ML methods can make
accurate predictions. Based on the seven input
parameters, the BPNN exhibits excellent prediction
accuracy. The RMSE, R, and MAE values of BPNN
for the testing dataset are 72.1 kN, 0.9931, and 57.4
kN, respectively.

(2) Based on the ability of ML methods to predict the
strut forces of the steel supporting structure of deep
excavation considering various factors, geotechnical
engineers are able to estimate the strut forces of the
steel supporting structure of deep excavation through
substantial in-situ data in a manner that is both effi-
cient and precise.

(3) This research also showed that one parameter could
be entered into ML methods without any theoretical
or practical knowledge of the link between the
parameters and the strut forces. This has potential
for simulating intricate nonlinear connections
between various parameters.
(4) More ML methods, input parameters, and engineer-
ing data can be used in future to optimize the predic-
tion of strut forces. In addition, the evolution of soil
parameters with time next to the same strut was not
considered in this study, which can be further
explored in the subsequent study.
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