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Abstract: The tunnel portal section is often in extremely weak and fragmented strata, and the
deformation of the portal side and slope will affect the stability of the surrounding rock and the tunnel-
supporting structure. However, the deformation characteristics and displacement development
patterns of slopes in the tunnel portal section are not clear. In this paper, the multifractal characteristics
and displacement prediction of the deformation sequence of the tunnel portal slope at of a weak and
water-rich shallow buried tunnel adjacent to an important structure are studied in depth. Combined
with the deformation characteristics of the tunnel portal slope, a suitable slope monitoring and
measurement scheme is designed to analyze the deformation pattern of the tunnel portal slope. Based
on the multifractal detrended fluctuation analysis (MF-DFA) method, the multifractal characteristics
of the deformation monitoring sequences at each monitoring point of the tunnel portal slope are
analyzed. The multifractal characteristics of displacement sequences at different monitoring points of
the tunnel portal slope are consistent with the actual monitoring results. Furthermore, the Long Short-
Term Memory (LSTM) model is optimized using the Particle Swarm Optimization (PSO) algorithm to
predict the deformation of the tunnel portal slope. The results show that the maximum mean square
error (MSE) of the horizontal displacement test set prediction results is 0.142, and the coefficient of
determination (R?) is higher than 91%. The maximum value of MSE for vertical displacement test
set prediction is 0.069, and the R? are higher than 91%. The study shows that the performance of
the PSO-LSTM prediction model can meet the requirements for predicting the displacement of the
tunnel portal slope. Based on the MF-DFA method and PSO-LSTM prediction model, the fluctuation
characteristics of the displacement value of the tunnel portal section can be accurately identified and
the displacement development pattern can be effectively predicted. The conclusions of the study are
of great practical significance for the safe construction of the tunnel portal section.

Keywords: tunnel portal slope; displacement; prediction; multifractal detrended fluctuation analysis
method; long short-term memory

1. Introduction

With the implementation of China’s “The Belt and Road Initiative” strategy, more and
more Chinese engineering construction enterprises have gone abroad. They have under-
taken a large number of overseas highways, railroads, and other infrastructure projects,
contributing to the infrastructure construction of many countries in Asia and Europe. In-
fluenced by the terrain, most of the highway and railroad projects needed to cross a large
number of mountainous areas. Therefore, tunneling occupies a very important position in
the construction of high-speed infrastructure in mountainous areas [1-3]. Numerous influ-
encing factors need to be considered in the design and alignment of railroads. Although
the engineering community has now recognized the importance of geological conditions
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at the tunnel portal for construction safety, tunnel construction is still unavoidable in the
case of unfavorable geological conditions such as high slope, large deflections, and shallow
burials [4-6]. In this case, if the excavation method and auxiliary construction measures
chosen for tunnel construction are unreasonable, the construction process is very prone to
accidents such as roofing, collapse, lining cracking, slope instability, and landslides [7,8]. It
will not only cause schedule delays and economic loss but also easily lead to casualties of
construction personnel on site. Therefore, how to ensure the stability of the surrounding
rock and the tunnel portal slope, and understand the safety of entering and exiting the
tunnel, has become one of the important researches of many experts and scholars in the
field of tunnel engineering.

Existing research shows that the main factor restricting the safe entry and exit of
tunnels is the stability of the surrounding rock at the tunnel entrance [9,10]. The stability
of the surrounding rock of the tunnel portal section can be divided into the stability of
the side slope of the tunnel portal and the stability of the surrounding rock and lining
of the excavation surface of the tunnel body. At the same time, the research shows that
the two are also interacting with each other. The deformation of the uphill side of the
tunnel entrance will affect the stability of the surrounding rock and supporting structure of
the tunnel body, and the rock and soil disturbance caused by tunnel excavation will also
affect the stability of the uphill side of the tunnel entrance [11-14]. In the theoretical study
of the stability of tunnel portal rock, Aygar et al. [11] analyzed the relationship between
highway tunnel stability and portal slope in Turkey using numerical simulation. Wang
et al. [15,16] performed a large-scale shaking table test on a tunnel portal and developed
a method for detecting dynamic damage based on the Hilbert-Huang transform. This
method accurately identifies macroscopic damage in tunnel linings and portal slopes.
Genis et al. [17] utilized a dynamic analysis program based on the three-dimensional
finite-difference method and determined that peak accelerations exceeding 0.5 g may lead
to severe damage in tunnel portal slopes and the area 20-50 m from the tunnel entrance.
In addition, many researchers [18-22] have also emphasized the significance of tunnel
portal stability in tunnel construction through various studies. In applying the theory
of perimeter rock stability in tunnel portal sections, Li et al. [23,24] established a three-
dimensional numerical model and proposed the use of the center diaphragm and circular
reserved core soil methods to excavate shallow buried tunnels. This method effectively
controls peripheral rock deformation, surface settlement, and slope stability in conditions
of loose and fragmented rock. Aygar and Gokceoglu [25] highlighted the impact of opening
excavation on tunnels lacking cohesive foundations. Ayoublou et al. [12] emphasized the
importance of slope displacement measurements and monitoring at tunnel portals. Taromi
et al. [26] investigated the collapse mechanism of water conveyance tunnel portals and
presented potential solutions.

In addition, in the process of tunnel construction, it is necessary to continuously mon-
itor the slope at the entrance [27]. Analyzing and predicting the deformation pattern of
the slope during tunnel portal construction can provide technical support and theoretical
guidance for the early warning of tunnel portal construction safety, which is of great signif-
icance for improving the safety of tunnel portal construction. After obtaining the original
tunnel portal slope monitoring data, to further prevent the occurrence of tunnel disasters,
it is necessary to analyze the deformation trend and predict the displacement development
in advance [28-30]. The deformation monitoring data of the side and elevation slopes
are usually shown as complex nonlinear and non-stationary time series. The deformation
sequence is characterized by discontinuous multi-scale. Compared with the simple fractal
dimension, the multifractal method describes the fractal structure through the spectral
function, which can more finely characterize the volatility of the deformation sequence
at different levels [31,32]. In recent years, some researchers have applied multifractals to
the field of geotechnical engineering [33-36]. Therefore, the multifractal theory can be
used to analyze the fluctuation characteristics of the deformation sequence of the tunnel
portal slope.
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Tunnel slope engineering is a complex nonlinear dynamical system, and the stability
and deformation of the slope are affected by many uncertain factors [37,38]. Due to the
complexity, ambiguity, and randomness of the deformation of the slope during the con-
struction of the tunnel portal. Therefore, simple statistical methods do not apply to the
complex nonlinear time series slope deformation problem [39,40]. Machine learning meth-
ods can effectively replace traditional statistical methods due to their nonlinear learning
ability. Support Vector Regression and Extreme Gradient Boost are the most commonly
used machine learning methods in time series prediction [41]. Compared with statistical
methods, machine learning methods are more likely to capture the complexity, dynamics,
and nonlinear characteristics of nonlinear time series data on slope. At present, machine
learning methods have achieved certain results in the research of slope deformation predic-
tion [42,43]. In recent years, deep learning has developed rapidly [43]. Many studies have
shown that its performance is better than traditional machine learning models. Commonly
used deep learning methods for time series prediction include deep neural network [44,45],
convolutional neural network [46], recurrent neural network (RNN) [47], and so on. Among
them, RNN models have a strong fitting ability to sequence data. Long Short-Term Memory
(LSTM) solves the defects of the gradient explosion problem in traditional RNN and is the
most widely used RNN model [48]. The LSTM is better than traditional RNN in fitting long
sequence data and has achieved better prediction results in a large number of engineering
applications [49-52]. However, when the input sequence is long, the performance of the
LSTM model is still poor. Optimization algorithms of group intelligence such as particle
swarm algorithm (PSO) can effectively improve the performance of the LSTM, and in
recent years, some related studies have applied the PSO-LSTM model to slope deformation
prediction [53].

The tunnel portal section is often in extremely weak and broken strata, and the
construction of the portal and the excavation of the slope uplift will disturb the slope and
the internal surrounding rock [54,55]. The self-stabilizing surrounding rock will make it
difficult to form an effective bearing arch, and it is very easy to have engineering accidents
such as collapses, toppling, and landslides seriously affect the construction progress and
the economic benefits of the project. In Malaysia, a railroad tunnel portal section can easily
form a soil slope due to shallow depth. Construction disturbance during the excavation
of the tunnel portal can easily induce landslides and sidewall instability, and the safety
coefficient of the slope will be greatly reduced. Therefore, during the construction of the
tunnel portal section, analyzing and predicting the monitoring data of the portal side and
slope can provide a basis for the dynamic design and information construction of the tunnel.
It is of great practical significance to improve the stability of the tunnel side slope and
ensure the safe construction of the tunnel portal section.

Therefore, this study takes the construction of a soft, water-rich, and shallow buried
tunnel portal section near a high-voltage power tower in Malaysia as the engineering
background. Combined with on-site monitoring and measurement, multifractal analysis,
and deep learning methods, an in-depth study is carried out on the multifractal charac-
teristics of deformation and deformation prediction of the tunnel portal slope. The main
research includes the following aspects. (1) Combining the deformation characteristics of
the tunnel portal slope, designing a suitable monitoring and measurement scheme, and
analyzing the deformation pattern of the tunnel portal slope. Evaluate the stability of the
tunnel portal slope. (2) Based on the multifractal detrended fluctuation analysis method
(MF-DFA), analyze the multifractal characteristics of the deformation monitoring sequences
at each monitoring point of the tunnel portal slope. Analyze the change characteristics
of the displacement sequence of the slope at the tunnel entrance and compare it with the
actual situation. (3) Optimize the LSTM model using the PSO algorithm to predict the de-
formation of the tunnel portal slope. Combined with the MF-DFA multifractal features, the
PSO-LSTM model is applied to predict the displacement development of the deformation
monitoring points of the slope at the entrance of the tunnel.
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2. Materials and Methods
2.1. Overview of the Tunnel Project

A railroad project on the east coast of Malaysia is located in Selangor State in the
coastal belt of western Malaysia. The study relies on the No. 3 tunnel mileage pile number
CH48 + 511~CH49 + 168, north-south direction, the total length of the tunnel is 657 m. The
tunnel crosses the first peak of Cheraka Mountain, with a maximum depth of 104 m. The
shallow section is 137 m long, with a maximum depth of 109 m and a minimum depth
of 1.3 m. The surrounding rock is fully weathered, strongly weathered sandstone, with
high mud content, and the rock body is broken. The peripheral rock of the tunnel is fully
weathered and strongly weathered sandstone, with high mud content, broken rock, and
local extremely broken rock. The inlet is prone to form soil slope, and the construction
disturbance is prone to landslides and sidewall instability. In addition, there are two frac-
ture zones in the tunnel, including CH48 + 537~CH48 + 580 and CH48 + 800~CH49 + 080,
with a total length of about 323 m. The rock is fractured, and the fissure water is abundant,
which makes the tunnel construction risk high, and there is a potential danger of land-
slides. Meanwhile, there are high voltage towers on the east side of the tunnel area about
140 m—200 m, and the vibration requirement for high voltage towers from the local power
company in Malaysia is 3 mm/s. An aerial photo of the tunnel project route is shown in
Figure 1.
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Figure 1. The tunnel project roadmap and layout plan.

2.2. Deformation Monitoring Program for Tunnel Portal Slope

According to the ground investigation drawings, the surrounding rock at the tunnel
entrance is mainly composed of fully weathered to moderately weathered residual flooding
clay, fine sand, and granite, and the rock body is broken to extremely broken. Before
excavation of the tunnel entrance and exit and the shallow buried section of the tunnel
body, overrun pipe shed grouting support is done in strict accordance with the design.
The excavation adopts the method of reserving core soil, weak blasting, or non-blasting
excavation method. Into the hole, ®108 large pipe shed combined with ®42 small conduit
for pre-protection to strengthen the initial support. At the same time, strengthen the ground
surface pre-injection grouting reinforcement treatment measures, and do a good job of
holes outside the anti-drainage measures. Strengthen the surface subsidence measurement
during construction. The inlet section of the tunnel is a high-slope tunnel, with a large
excavation volume and complicated slope protection measures. After excavation, mon-
itoring and measuring are carried out in time, support is strengthened according to the
design requirements, and the construction of back arch closure is completed in time. Before
construction, the horizontal displacement and vertical settlement values of the slope at the
entrance were continuously monitored. Firstly, determine the monitoring area and choose
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the suitable location of monitoring points. A total of 7 monitoring points are arranged on
the surface of the slope at the entrance, forming 3 monitoring lines. The detailed arrange-
ment of deformation monitoring points on the up slope of the tunnel portal side is shown
in Figure 2.
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Figure 2. Arrangement of deformation monitoring points of tunnel portal slope.

Combined with the deformation monitoring results of the tunnel portal slope, the
deformation pattern of the tunnel portal slope is analyzed. Further, based on the MF-DFA
method, the multifractal characteristics of the deformation sequences at each monitoring
point of the slope are analyzed. The PSO-LSTM model is utilized to predict the displacement
development of the deformation monitoring points. The specific flow chart of the study is
shown in Figure 3.
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Long Short-Term Memory
Displacement 1
prediction

Multifractal
characteristics

STEP3

PSO-LSTM prediction model for slope
displacement
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Figure 3. Flow chart of the study.

2.3. Multifractal Detrended Fluctuation Analysis Method

MEF-DFA is a method for analyzing non-stationary finite time series. MF-DFA can
effectively reveal the fractal structure and nonlinear dynamic properties in the data [56-58].
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The method combines multifractal theory and the detrended technique to reveal the com-
plex structure and dynamic patterns of the data by analyzing the multifractal properties
of the data and removing the trending components in the data. In MF-DFA, the Hurst
index of the original time series is first calculated, and then the time series is divided
into different sub-series according to different Hurst indices. Then, each subsequence is
de-trended, i.e., the long-term trend in the subsequence is removed, and then the respective
Hurst index is calculated again. By comparing the Hurst indices of the sub-series after
the detrended process, the fractal characteristics in the data series can be analyzed more
accurately. Specifically, the calculation of MF-DFA contains the following five steps.

Step 1: Given a time series x(t). The length of the sequence is N and the mean value is
X, find the cumulative deviation sequence y(t):

t
y(t) = ;<x<i> — %) (1)

Step 2: The sequence will be y () equalized in terms of the time scale s.
m = int(N/s) (2)

Since N may not be an exact multiple of s, there will be leftover values in the division
process y(t). The 2m equal-length subintervals are obtained by using the reverse-order
processing method.

Step 3: The corresponding residual series are obtained z, ().

zo(t) = yo(t) — Ph() 3)

Equation: y,(t) is the subinterval. pX(t) denotes a kth order fitting polynomial to the
vth subinterval. The variable v ranges from 1 to 2m, and t ranges from 1 to s.
Step 4: Calculate the residual sequence z,(t) of the residual series F2(s, v).

Y (zo(t))? (4)

Step 5: For the F2(s,v) dataset, take the mean value and calculate the g-order volatility
function of the series F(s).

q/2 Va
Fq<s>—{mz{#<s,v>} } 5)

where g can theoretically assume any non-zero real value, and the value of g is related to
the F;(s) the degree of exposure to fluctuations. In particular, the MF-DFA degenerates to
the standard DFA when g = 2. In particular, a limiting form of Equation (5) emerges when g
=0:

2m
Fo(s) = exp{ﬁn leln [Fz(s, v)] } (6)

A sliding window is used to optimize the traditional MF-DFA for dividing subintervals.
Let the window length be s, the sequence length be N, and the sliding step be 1.

1 N—s+1 /2 /s
e e ol IO SR
Fy(s) = {N B 7)

exp{Z(N—s—f—l) ?El In[F?(s,v)] } ,q=0
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The g-order fluctuation function for a specific scale s is derived through the aforemen-
tioned steps F;(s). Adjusting the values of s and iterating through the steps yields a series
of s — F;(s) point values. When a long-range correlation is present in this time series, a
power law connection between F;(s) and s is evident, as depicted in Equation (8):

Fy(s) o s (8)
Taking logarithms of the above equation yields the following form:
lqu(s) = h(q)lgs + 1gb )

F;(s) is the g-order volatility function of the series. The k(qg) is the corresponding
generalized Hurst exponent. b is the constant coefficient.

Make IgF, (s) — 1gs double logarithmic scatterplot and fit it. Its slope is the generalized
Hurst exponent k(q). If h(q) is a nonlinear subtractive function of g, then the sequence is
characterized by multifractal.

The multifractal spectrum f(«) characterizing the fractal intensity and fractal singular-
ity of a time series can typically be determined in Equations (10)-(12) as follows.

T(q) = qh(q) — 1 (10)
a="1(q) (11)
fla) =ga—1(q) (12)

7(q) is the Renyi index, also known as the scalar function. If it is a nonlinear up-convex
function of g, the sequence is characterized by multifractal. Here, « represents the singular
intensity, while f(«a) represents the multifractal spectrum. When a — f(«) is a single-peak
up-convex shaped like a quadratic function, it means that the sequence has multifractal
characteristics.

2.4. PSO-LSTM Algorithm
2.4.1. Principles of the LSTM Algorithm

LSTM Network is a special type of Recurrent Neural Network mainly used for the
task of processing and predicting sequential data. LSTM was proposed by Hochreiter and
Schmidhuber in 1997 and was initially designed to solve the problem of disappearing or
exploding gradients faced by conventional RNN when processing long sequential data [59].
LSTM can capture long-term dependencies through the introduction of gating mechanisms
and cell states, it can maintain information over a longer period, thus capturing long-term
dependencies. The main advantage of LSTM is that it can effectively handle long sequence
data. The specific computational steps of LSTM are as follows:

Step 1: Data normalization. x(i, j) is the original data and ' (i, j) is the normalized data.

Step 2: The LSTM model comprises multiple cells, each with specific formulas for the
forgetting gate, input gate, and output gate.

ft = U(tht—l + fot + bf)
iy = (T(Wi]’lt,1 + Wix; + bz) (13)
Ot - O'(Woht_l + Woxt + bo)

where f;, i;, and Oy are the results of the oblivion gate, input gate, and output gate state
settlements, respectively. The /;_1 is the hidden state of the moment before the time, the ¢ is
the sigmoid function. Wy, W;, and W, are the weight matrices of the forgetting gate, input
gate, and output gate, respectively. by, b;, and b, are the forgetting gate, input gate, and
output gate bias terms, respectively.
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Step 3: For the candidate value vector, the product of the input value and the candidate
value vector is used to update the cell state, calculated as:

C = tanh(Wcht,l + Wexr + bc)
Ct = fiCq +iC
]’lt = ottanh(Ci) (14)
flx) = H%

f(x) = tanh(x)

where W, is the input unit state weight matrix. b, is the input unit state bias term. tan & is
the activation function. oy is the neuron output value. /; is the current moment hidden state.

2.4.2. Principles of the PSO Algorithm

PSO is a particle swarm algorithm that simulates the foraging behavior of a flock of
birds [60]. The algorithm uses the information-sharing mechanism in the biota to produce
the behavior of synchronizing information between individuals and groups with each other.
It is a stochastic search algorithm based on group collaboration. In the PSO algorithm,
“particle” is used as an intermediate choice. Individual particles exchange information
with each other, and many particles form a group to form a particle population. The
objective of PSO is to facilitate numerous particles in discovering the optimal solution
within a multidimensional space. This multidimensional space, often referred to as the
multi-dimensional solution space, serves as the search domain for the particle swarm to
locate the optimal solution. Each optimization problem corresponds to a particle within
this search space. These particles are expanded into a D-dimensional space and possess a
function that evaluates the quality of the particle’s current position, along with a velocity
vector that dictates its movement and direction. Each iteration is a continuous search of the
particles in the solution space in the direction of the current optimal particle.

The algorithm of PSO is implemented as follows: in a D-dimensional solution space,
there exist N particles. Each particle possesses a velocity vector that varies in real time
due to many factors. The particle velocity of the ith evolution is Vi]fj, with the previous

velocity WX/iI;_l, the individual optimal position Cirq (pbesti i xfd_l) , and the population

optimal position Ca1p (gbesti YR x;‘d_l) . The velocity update in the dth dimension of particle
iis calculated as follows.
vk = WV!;l +Cin (pbestid - xfdfl) + Corp (gbestid - xfdfl) (15)
In addition, each iteration updates the position information of each particle. The
position of the particle for the ith evolution x£, is changed by the position information of
the previous xi‘d_ 1, and the velocity information of the previous iteration Vl.]{;_l are linearly
summed up. The dth dimensional position update of particle i is computed as follows.

= 1 v 6)

In the optimization process, the position vector in the dth dimension of the search
space fluctuates within the range of [x,,i,, Xmax], while the velocity vector ranges within
[—V min, Vinax|. During iterations, if the values of V; and x;; exceed the boundaries, the
velocity or position in that particular d-dimension is set to the maximum boundary velocity
or position. Here, Vl’; represents the dth dimensional component of the flight velocity
searched by particle i at the kth iteration, and xi.‘d denotes the dth dimensional component
of the position searched by particle i at the kth iteration. The parameters w, C;, and C
stand for the inertia weight (non-negative), acceleration constants, and r1, r, are random
numbers within the range [0,1].
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2.4.3. PSO Optimized LSTM Model

LSTM has excellent feature extraction ability for data with spatio-temporal correlation.
In this study, the LSTM model is used to predict the displacement data of the tunnel portal
slope. To obtain better training effects and prediction accuracy, the hyperparameters of the
LSTM model need to be optimized. Since the monitoring system and monitoring data are
changing in real-time, the data may have different volatility in different periods. To select
the most suitable hyperparameters for the predicted data, the PSO algorithm is used to
optimize the three hyperparameters of the LSTM model, namely, learning rate, iteration
rounds, and the number of hidden layer units.

The PSO-LSTM model was developed to evaluate the error between the prediction
results and the measured values. The Mean Square Error (MSE) and the Coefficient of
Determination (R?) of the test dataset were documented. The MSE value falls within the
range of [0, +00), with a lower value signifying a reduced prediction model error. On the
other hand, R? elucidates the portion of variance in the dependent variable elucidated
by the independent variable through the regression relationship. A higher R? value indi-
cates superior model performance. The formulas for calculating the MSE and the R? are
presented below:

1& .
MSE = 3 (§; — yi)? (17)
i=1
2 Sia [0 — vil?
RP=1- == (18)

—2
Y lyi — il
where 1 represents the number of predicted outcomes, y; represents the true results, ;
represents the predicted results, and y; represents the mean of the true values.

3. Results
3.1. Deformation Monitoring Results of Tunnel Portal Slope

To accurately assess the stability of the tunnel portal slope, the horizontal displacement
and vertical settlement values of the slope at the portal are continuously monitored. Firstly,
the monitoring area and the location of suitable monitoring points are determined, and the
overall safety of the tunnel portal slope is determined from point to point by obtaining the
monitoring data of multiple monitoring points. The results of deformation monitoring at
each monitoring point are shown in Figures 4-6.

As can be seen from Figure 4, the trends of horizontal displacement at the three
monitoring points in the first section of the tunnel portal slope are basically the same. The
horizontal displacements peaked at about the 25th day, which were 15.4 mm, 12.4 mm, and
11.2 mm, respectively, and the horizontal displacements at the monitoring points stabilized
after the 85th day. The horizontal displacements after deformation stabilization were about
4.5 mm, 7.0 mm, and 7.5 mm. The vertical displacements at monitoring points N1 and N3 of
the tunnel portal slope had similar trends. The vertical displacement at monitoring point N1
was characterized by settlement. However, the displacement at monitoring point N3 shows
upward bulging. The vertical displacements peaked at about day 75 at 2.5 mm and 4.2 mm,
respectively. The settlement value of monitoring point N3 stabilized after 90 days, and the
stabilized vertical displacement was about 2.0 mm. The settlement value of monitoring
point N2 peaked at about 25 days at 5.1 mm. The settlement value of monitoring point N2
stabilized after 60 days, and the stabilized vertical displacement was about 3.0 mm. The
vertical displacements of monitoring points N1 and N3 are similar in trend.

As can be seen from Figure 5, the horizontal displacement at monitoring point N4 in
the second section of the tunnel portal slope peaked at 9.4 mm on the 90th day, while the
horizontal displacement at monitoring point N5 peaked at 13.6 mm on the 25th day, and
the horizontal displacement stabilized after the 80th day. The horizontal displacement after
stabilization is about 5.5 mm. The vertical displacement value of the N4 monitoring point
on the slope of the tunnel entrance reached its peak on the 70th day, which was —6.2 mm.
The vertical displacement value tends to stabilize after the 95th day, and the settlement
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after stabilization is about —2.0 mm. The vertical displacement value of the N5 monitoring
point has not yet stabilized after the 100th point, with a vertical displacement value greater
than 4.0 mm. However, the vertical displacement of the N5 monitoring point shows an
upward uplift.
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Figure 4. Deformation monitoring results of the first section of the portal slope: (a) horizontal
displacement value, (b) vertical displacement value.
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Figure 5. Deformation monitoring results of the second section of the portal slope: (a) horizontal
displacement value, (b) vertical displacement value.
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Figure 6. Deformation monitoring results of the third section of the portal slope: (a) horizontal
displacement value, (b) vertical displacement value.

As can be seen from Figure 6, the trend of horizontal displacement at the monitoring
points of the third section of the tunnel portal slope is basically the same. The horizontal
displacements peaked at about the 28th day, at 14.9 mm and 12.3 mm, respectively, and
the horizontal displacements at N7 tended to stabilize after the 90th day. The horizontal
displacement after stabilization is about 6.3 mm. The vertical displacement values of the
three sections of the tunnel portal side slope monitoring points show multiple peaks of
about —3 mm. The vertical displacement value of the N7 monitoring point still does not
stabilize after the 100th day, and the performance of the vertical displacement changes from
settlement to upward bulging.

From the above analysis, it can be seen that during the monitoring period, the max-
imum value of horizontal displacement of the slope at the entrance is 15.4 mm, and the
maximum value of vertical settlement is —6.2 mm, and after the deformation and stabiliza-
tion of the slope at the entrance, the horizontal displacement is about 6-8 mm, and the value
of vertical settlement is not more than —2 mm. Therefore, the horizontal displacement and
vertical settlement of the slope at the entrance are small, and the stability of the slope at the
entrance of the tunnel is relatively high.

3.2. MultiFractal Characteristics of Deformation of Elevation Slope at Tunnel Portals
3.2.1. Horizontal Displacement Multifractal Characterization

The sliding time window optimization MF-DFA is used to perform multifractal analy-
sis on the deformation monitoring sequences of each monitoring point of the side slope
of the tunnel portal, respectively. The generalized Hurst exponent and Renyi exponent
are computed for the horizontal displacement sequences at each monitoring point. The
variation of the indices corresponding to the sequence of monitoring points is shown in
Figure 7. Further, the multifractal spectrum of the horizontal displacement sequence is
shown in Figure 8.

As can be seen from Figure 7, when q varies between [—10,10], the generalized Hurst
indices of the horizontal displacement sequences of different monitoring sections of the
tunnel portal slope sides are all nonlinearly decreasing with q. The generalized Hurst
indices of the horizontal displacement sequences of different monitoring sections of the
elevation slope of the tunnel portal are all nonlinearly decreasing with q. This indicates
that the horizontal displacement sequences at each monitoring point are characterized
by multifractal. Under different fluctuation orders q, the generalized Hurst exponent



Buildings 2024, 14, 1662

12 of 24

curves of the horizontal displacement series at N1, N2, N4, and N6 are concentrated in
the lower fluctuation of N3, N5, and N7, which show a weaker multifractal characteristic.
However, the values of the horizontal displacement series at each monitoring point are
significantly larger than 0.5. /i(q) values are significantly larger than 0.5, indicating that
all the monitoring point sequences have better memory and long-range correlation from
the whole to the local components. In addition, from Figure 7, it can be seen that the scale
function 7(q) of the horizontal displacement series at each monitoring point is in good
agreement. The middle part of the scale function curve is upconvex, satisfies 7(0) = —1,
as well as the overall nonlinear relationship. It indicates that the horizontal displacement
sequence of each monitoring point has multifractal characteristics.

Figure 7. Variation of each index of the horizontal displacement series: (a) generalized Hurst index,
(b) scaling function t(g).

As can be seen in Figure 8, for the multifractal spectra of the horizontal displacement
sequences of the monitoring points at different monitoring sections, the images of the
multifractal spectra show a typical single-peak convex distribution, which resembles a
quadratic function curve. The local scales of the multifractals of the horizontal displacement
series are not constant, indicating the diversity of local changes at different moments. The
singular intensities of most of the horizontal displacement sequences are distributed on
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both sides of the image, reflecting the diversity of local variations at different moments.
« are distributed on both sides of the image, reflecting the uneven distribution of the
fractal structure of the monitoring point sequences. This further illustrates the multifractal
nature of the horizontal displacement sequence. The multifractal spectral curves of the
horizontal displacement sequences are basically symmetrical, and the overall development
state is stable.
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Figure 8. Multifractal spectrum of the horizontal displacement sequence.

In Figure 8, Ax represents the multifractal spectral width, which signifies the mul-
tifractal strength and complexity of the fluctuations at the monitoring point. A larger
Aux indicates stronger multifractal strength and more intense, complex fluctuations in the
sequence. Meanwhile, Af(«x) denotes the proportion of large and small fluctuations in the
sequence. A higher Af(«) signifies a greater proportion of small and medium fluctuations
in the sequence. The calculations for Ax and Af(«) are as follows:

Ax = Kpay — Kppin (19)

Af(a) = Af (amax) — Af (@min) (20)

Calculate the multifractal characteristic statistics of the horizontal displacement series
of the monitoring points of different monitoring sections; the calculation results are shown
in Table 1.

Table 1. Multifractal characteristic statistics for horizontal displacement.

Monitoring Points Cross-Section 1 Cross-Section 2 Cross-Section 3
Eigenvalue N1 N2 N3 N4 N5 Ne6 N7
Ax 0.688 0.773 1.241 0.421 1.118 0.681 1.383
Af(w) —0.223 0.060 —0.108 —0.225 —0.123 0.087 —0.121
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As can be seen from Table 1, comparing the width of the multifractal spectrum of
the horizontal displacement sequence at each monitoring point Ax. For Section 1, the
multifractal spectral widths of the horizontal displacement sequences at monitoring points
N1 and N2 are smaller than those at monitoring point N3. Aw is smaller than that of N3.
It means that the multifractal intensity of the horizontal displacement sequence at N3 is
larger, and the horizontal displacement fluctuation is more complicated. Similarly, for
Sections 2 and 3, the multifractal intensity of the horizontal displacement series at points
N5 and N7 is larger, and the displacement fluctuations are more complicated. Comparison
of the proportion of large and small fluctuations in the horizontal displacement series at
each monitoring point. The proportion of large and small fluctuations in the horizontal
displacement sequence of each monitoring point is compared. For Section 1, the horizontal
displacement sequence of N2 is slightly larger than that of N1 and N3. Af(«) is slightly
larger than that of N1 and N3. This indicates that the proportion of small fluctuations in
the horizontal displacement sequence at N2 is larger. Similarly, for Sections 2 and 3, the
proportion of small fluctuations in the horizontal displacement sequences of monitoring
points N5 and N6 is larger than that of monitoring points N1 and N3.

It can be seen that the results of the multifractal eigenvalues of the horizontal displace-
ment sequences of different monitoring sections at the tunnel portal are more in line with
the actual monitoring results, and the multifractal intensity of the horizontal displacement
sequences at monitoring points N3, N5, and N7 is more intense, and the fluctuation of
the displacement sequences at the monitoring points is slightly more complicated. When
evaluating the stability of the tunnel portal slope, more attention should be paid to the
horizontal displacement changes at monitoring points N3, N5, and N7.

3.2.2. Vertical Displacement Multifractal Characterization

The multifractal analysis is performed on the vertical displacement sequences of each
monitoring point of the upward slope of the tunnel portal respectively. The generalized
Hurst index, Renyi index, and multifractal spectrum of the vertical displacement sequence
at each monitoring point are obtained, and the index changes of the corresponding moni-
toring point sequence are shown in Figures 9 and 10.

As can be seen from Figure 9, when q varies between [—10,10], the generalized Hurst
indices of the vertical displacement sequences of different monitoring sections of the tunnel
portal slope are all nonlinearly decreasing with q. The generalized Hurst indices of the ver-
tical displacement sequences of different monitoring sections of the tunnel portal slope are
all nonlinearly decreasing with q. This indicates that the vertical displacement sequences at
each monitoring point are characterized by multifractal. At different fluctuation orders q,
the 11(q) values of the vertical displacement series at each monitoring point are significantly
larger than 0.5, indicating that all the sequences have good memory and long-range corre-
lation from the whole to the local components. In addition, from Figure. 9, it can be seen
that the scale function 7(q) of the vertical displacement series at each monitoring point is
in good agreement. The middle part of the scalar function curve is upconvex and satisfies
7(0) = —1 The scale function curve has an upward convex shape in the center, which
indicates that the vertical displacement sequence of each monitoring point has multifractal
characteristics.

In Figure 10, the multifractal spectra of the vertical displacement sequences at var-
ious monitoring points across different sections exhibit a distinctive single-peak convex
distribution, resembling a quadratic function curve. The local scales of these multifractals
display variability, highlighting the diverse local changes occurring at different instances.
The singular intensities of the vertical displacement sequences are dispersed on both sides
of the image, showcasing the heterogeneous local variations over time. The distribution
of « values on either side of the image further underscores the uneven fractal structure
distribution within the monitoring point sequence, emphasizing its multifractal nature.
Notably, the multifractal spectral curves of the vertical displacement sequences exhibit a
symmetrical pattern, indicating a stable overall development state.
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Calculate the multifractal characteristic statistics of the vertical displacement sequences
of monitoring points in different monitoring sections; the calculation results are shown in
Table 2.

Table 2. Vertical displacement multifractal characterization statistics.

Monitoring Points Cross-Section 1 Cross-Section 2 Cross-Section 3
Eigenva]ue N1 N2 N3 N4 N5 N6 N7
Ax 1.018 0.998 1.599 1.247 1.004 1.194 0.955
Af(w) 0.014 0.203 —0.019 0.108 0.153 —0.142 0.083
2.8
——NI ——NI

——N2

| [——nN3

«q)

Figure 9. Variation of each index of the vertical displacement sequence: (a) generalized Hurst index,
(b) scaling function 7(g).

As can be seen from Table 2, we compare the widths of the multifractal spectra of the
vertical displacement series at each monitoring point Ax. For Section 1, the multifractal
spectral widths of the vertical displacement sequences at monitoring points N1 and N2
are smaller than those at monitoring point N3. A« is smaller than that of N3. This means
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that the vertical displacement sequence at N3 has a larger intensity of multifractals, and
the vertical displacement fluctuation is more complicated. Similarly, for Sections 2 and 3,
the multifractal strengths of the vertical displacement series at N4 and N6 are larger, and
the displacement fluctuations are more complicated. Comparing the proportion of large
and small fluctuations in the vertical displacement series at each monitoring point, the
proportion of large and small fluctuations in the vertical displacement series at N4 and
N6 is larger. The proportion of large and small fluctuations in the vertical displacement
sequences at each monitoring point is compared. For Section 1, the vertical displacement
sequence Af(«) at monitoring point N2 is slightly larger than that at monitoring points N1
and N3. This indicates that the proportion of small fluctuations in the vertical displacement
sequence at N2 is larger. Similarly, for Sections 2 and 3, the proportion of small fluctuations
in the vertical displacement sequences of monitoring points N5 and N7 is larger.
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Figure 10. Multifractal spectrum of vertical displacement sequence.

It can be seen that the results of the multifractal eigenvalues of the vertical displace-
ment sequences of different monitoring sections at the tunnel portal side slope are more
in line with the actual monitoring results, and the multifractal strengths of the vertical
displacement sequences at monitoring points N3, N4, and N6 are more intense, and the
fluctuations of the displacement sequences of the monitoring points are slightly more com-
plicated. More attention should be paid to the vertical displacement changes at monitoring
points N3, N4, and N6 when evaluating the stability of the tunnel portal slope.

3.3. PSO-LSTM Prediction of Slope Deformation at Tunnel Portal Sides

The results of the previous study show that the results of the multifractal eigenvalues
of the displacement sequences of the different monitoring sections of the tunnel portal
slope are more in line with the actual monitoring results. Among them, the horizontal
displacements at N3, N5, and N7 are more intense, and the vertical displacements at N3,
N4, and N6 are more intense. Therefore, the PSO-LSTM method is used to predict the
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horizontal displacements at N3, N5, and N7 and the vertical displacements at N3, N4, and
N6 when evaluating the stability of the tunnel portal slope.

3.3.1. Horizontal Displacement Prediction Results

The hyperparameters obtained after PSO optimization are used to input the LSTM
model. Model training is performed on the input data. Based on several iterations and
training, the accuracy of the model prediction was made to reach a reasonable range. The
daily data of monitoring data from different monitoring sections of the tunnel portal slope
were selected for prediction, totaling about 100 sets of data. Furthermore, 70% of the data
is used as the training set and the remaining 30% of the data is the test set. The PSO-LSTM
model was trained and tested, and the predicted horizontal displacements of the N3, N5,
and N7 monitoring points of the tunnel portal slope are shown in Figure 11.
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Figure 11. Predicted horizontal displacement of the tunnel portal slope.

As can be seen from Figure 11, the PSO-LSTM model predicts the horizontal displace-
ments of the tunnel portal slope at monitoring points N3, N5, and N7, which are closer
to the actual monitoring results. The maximum MSE value of the horizontal displace-
ment training set fitting results for each measurement point is 0.309, and the R? is higher
than 96%. The maximum MSE value of the prediction results of the test set is 0.142, and
the R? is higher than 91%. From the prediction curves, it can be seen that the predicted
horizontal displacements of measuring points N3 and N7 after the 85th day almost coin-
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cide with the actual monitoring results. It can be seen that the PSO-LSTM model is more
effective in predicting the horizontal displacement in the middle and late stages of the
monitoring sequence.

To further evaluate the error between the PSO-LSTM model’s prediction of horizontal
displacement sequences at monitoring points N3, N5, and N7 and the measured values,
the results of the PSO-LSTM model’s horizontal displacement prediction error calculations
are shown in Figure 12.
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Figure 12. Calculation results of horizontal displacement prediction error.

As can be seen from Figure 12, by comparing the sample error calculation results of
the PSO-LSTM model for the prediction of the horizontal displacement sequences of the
N3, N5, and N7 monitoring points, it is found that the maximum value of the horizontal
displacement prediction error of the N3 monitoring point is 0.81 mm. It is found that
the maximum value of the horizontal displacement prediction error of the N3 monitoring
point is 0.81 mm, and about 90% of the sample prediction errors can be controlled within
£0.5 mm, the maximum value of the horizontal displacement prediction error of the N5
monitoring point is —1.6 mm, about 90% of the sample prediction errors can be controlled
within £0.8 mm, the maximum value of the horizontal displacement prediction error of
the N7 monitoring point is 1.29 mm, and about 90% of the sample prediction errors can be
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controlled within £0.6 mm can be controlled within £0.6 mm. It can be seen from the figure
that the maximum prediction error of the model test set is significantly smaller than the
training set prediction error. It shows that the PSO-LSTM model can predict the horizontal
displacement sequences of N3, N5, and N7 with small sample errors. This indicates that
the PSO-LSTM prediction model has better performance.

3.3.2. Vertical Displacement Prediction Results

The PSO-LSTM model was trained and tested to predict the vertical displacements
at the N3, N4, and N6 monitoring points on the portal slope of the tunnel portal. The
corresponding prediction results are shown in Figure 13.
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Figure 13. Vertical displacement prediction results of tunnel portal slope.

As can be seen from Figure 13, the PSO-LSTM model predicts the vertical displace-
ments of the tunnel portal slope at monitoring points N3, N4, and N6, which are closer
to the actual monitoring results. The maximum MSE value of the vertical displacement
training set fitting results for each measurement point is 0.078, and the R? is higher than
93%. The maximum MSE value of the prediction results of the test set is 0.069, and the R?
is higher than 91%. From the prediction curves, it can be seen that the predicted vertical
displacements of monitoring points N3 and N6 after the 75th day almost coincide with
the actual monitoring results. It can be seen that the PSO-LSTM model is more effective in
predicting the vertical displacement monitoring sequence in the middle and late stages.
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To further evaluate the error between the PSO-LSTM model’s prediction of vertical
displacement sequences at monitoring points N3, N4, and N6 and the measured values,
the results of the PSO-LSTM model’s vertical displacement prediction error calculations
are shown in Figure 14.
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Figure 14. Calculation results of vertical displacement prediction error.

As can be seen in Figure 14, by comparing the sample error calculation results of
the PSO-LSTM model for the prediction of vertical displacement sequences at the N3,
N4, and N6 monitoring points, it is found that the maximum value of the prediction
error of vertical displacement at N3 is 0.58 mm, and about 90% of the sample prediction
errors can be controlled within £0.2 mm, the maximum value of the prediction error of
vertical displacement at N4 is 0.85 mm, and about 90% of the sample prediction errors can
be controlled within £0.35 mm. The maximum value of the prediction error of vertical
displacement at N6 is —0.77 mm and about 90% of the sample prediction errors can be
controlled within +0.30 mm. The maximum prediction error of vertical displacement at N6
is —0.77 mm, and the prediction error of about 90% of the samples can be controlled within
£0.30 mm. From the figure, it can be seen that the maximum prediction error of the model
test set is slightly smaller than the training set error. It shows that the PSO-LSTM model
predicts the vertical displacement sequences of the N3, N4, and N6 monitoring points with
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small sample errors. It shows that the PSO-LSTM model has good performance and can
meet the requirements of vertical displacement prediction for the tunnel portal slope.

4. Discussion

Tunnel construction is often challenging due to the presence of difficult geological
conditions such as high slopes, bias pressure, and shallow burial. These conditions can lead
to engineering accidents like collapse, slope instability, and landslides during the tunnel
portal construction. As a result, ensuring the stability of the surrounding rock and side
slopes at the tunnel portal has become a crucial focus of research in tunnel engineering. In
the theoretical study of the stability of the surrounding rock at the tunnel portal, numerical
simulation is commonly used to analyze the tunnel and its entrance slope [19,22,24]. Some
scholars have also carried out large-scale shaking table tests to determine the macro damage
of tunnel lining and entrance slopes. Additionally, monitoring slope displacement in the
tunnel portal section is deemed essential for field application. Various excavation methods
for shallow tunnels have been adopted to control deformation and stabilize slopes at the
entrance. However, the complexity of tunnel portal slope engineering as a nonlinear dy-
namic system means that stability and deformation are influenced by numerous uncertain
factors. Theoretical methods like numerical simulation may not fully guarantee stability
during tunnel excavation, especially in unfavorable geological conditions. Continuous
monitoring of entrance side slope elevation is necessary to analyze deformation trends,
predict displacement development, and prevent tunnel disasters.

To address challenges in constructing a weak, water-rich, and shallow buried tunnel
portal next to an important structure, this study focuses on designing a monitoring and
measurement scheme to analyze tunnel portal side slope deformation. Monitoring results
indicate high stability after stabilization, with minimal horizontal and vertical displacement.
By using the MF-DFA method, the study analyzes multifractal characteristics of monitoring
sequences at each measurement point of the tunnel portal slope. Results show good con-
sistency with actual monitoring data, revealing higher multifractal intensity in horizontal
and vertical displacement sequences at certain measurement points. Furthermore, the
PSO-LSTM model is utilized to predict displacement developments at measurement points
on the tunnel portal slope. Prediction accuracy is notably high, indicating the model’s
effectiveness in forecasting displacement sequences.

In conclusion, tunnel portal sections face challenges in unfavorable geological environ-
ments, making it crucial to mitigate engineering risks and ensure stability. Analyzing and
predicting slope monitoring data can inform dynamic design, optimize tunnel excavation
and support programs, and enhance the safety and stability of adjacent structures like
high-voltage towers.

5. Conclusions

Analyzing and predicting the deformation pattern of the portal slope during tunnel
portal construction can provide technical support and theoretical guidance for the early
warning of tunnel portal section construction safety. Therefore, this paper takes the con-
struction of a soft, water-rich, and shallow buried tunnel portal section near a high-voltage
power tower in Malaysia as the background. Combined with on-site monitoring, multifrac-
tal analysis, and deep learning methods, it carries out an in-depth study of the multifractal
characteristics and displacement prediction of the deformation of the tunnel portal slope.
The main research conclusions are as follows.

1. Combined with the deformation characteristics of the tunnel portal slope, design a
suitable monitoring and measuring program to analyze the deformation pattern of
the tunnel portal slope. After the deformation of the tunnel portal slope is stabilized,
the horizontal displacement is about 6-8 mm, the vertical settlement value is not more
than 2 mm, and the stability of the tunnel portal slope is high.

2. Based on the MF-DFA method, analyze the multifractal characteristics of the deforma-
tion monitoring sequences at each monitoring point of the tunnel portal slope. The
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MF eigenvalues of the displacement sequences at different monitoring sections of
the tunnel portal slope are more in line with the actual monitoring results. For the
horizontal displacement sequences, the multifractal strengths of monitoring points
N3, N5, and N7 are larger. For the vertical displacement sequence, the multifractal
intensities of monitoring points N3, N4, and N6 are larger.

3. The PSO-LSTM prediction model was utilized to predict the deformation development
of the side slope of the tunnel portal. The maximum MSE value of the horizontal
displacement test set prediction result is 0.142, and R? is higher than 91%. The
maximum MSE value of the vertical displacement test set prediction result is 0.069,
and R? is higher than 91%. The PSO-LSTM model has a small error in predicting
the displacement sequence of each monitoring point, and the performance of the
prediction model can meet the requirements for predicting the displacement of the
portal slope of the tunnel portal.

The tunnel portal section under study has a single nature of surrounding rock, and
the values of side and elevation slope deformation are generally small. In future studies,
multifractal characterization can be carried out to analyze the slope displacement sequences
of tunnels with different surrounding rock properties. In addition, more factors affecting
the slope deformation can be considered to further improve the prediction accuracy of the
PSO-LSTM model.
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