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ABSTRACT

This article presents the application of the Carrera Unified Formulation (CUF) for dynamic analysis
and structural integrity assessment of advanced nanocomposite-reinforced tunnel structures. CUF
offers a generalized framework that simplifies the modeling of complex structures, providing an
efficient approach to address the dynamic behavior of nanocomposites. Advanced nanocompo-
sites, which enhance mechanical performance and durability, are increasingly used in critical infra-
structure such as tunnel systems. Traditional methods often fall short in capturing the intricate
interactions within these materials, particularly under dynamic loads. CUF overcomes these chal-
lenges by incorporating higher-order theories and multi-scale analysis, allowing for accurate pre-
diction of displacements, stresses, and potential failure modes. To further validate the results, an
Artificial Neural Network (ANN) model is trained using simulated data, ensuring robust predictions
for various loading conditions. The ANN assists in approximating the dynamic response and integ-
rity of the structure, enabling real-time assessments with minimal computational expense. The
combined CUF-ANN approach demonstrates high accuracy and efficiency, making it a reliable tool
for the structural integrity assessment of nanocomposite-reinforced tunnels. This study highlights
the significant potential of integrating CUF and ANN for the analysis and design of advanced
engineering structures subjected to dynamic environmental conditions.
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1. Introduction [18]. In civil engineering, composites are used to reinforce
aging structures, improving their load-bearing capacity without
adding excessive weight [19]. Advanced composites offer sig-
nificant design flexibility, enabling the creation of complex
shapes that would be difficult or impossible with conventional
materials [20, 21]. This leads to more efficient designs, reduc-
ing the number of components and minimizing assembly costs
[22]. Engineers can also take advantage of the material’s
anisotropy, aligning fibers in specific directions to optimize
performance under different loads [23]. In summary, advanced
composites provide engineers with a toolkit for designing
high-performance, efficient, and durable structures, making
them crucial in industries where performance and weight are
critical considerations [24, 25]. As research in nanocomposites
and bio-composites progresses, their importance in future
engineering solutions will continue to grow, addressing sus-
tainability, and environmental challenges [26, 27].

The Carrera unified formulation is highly significant in the

Advanced composite materials have revolutionized modern
engineering due to their exceptional mechanical properties and
versatility [1-3]. These materials, made from two or more dis-
tinct constituents, offer superior strength-to-weight ratios
compared to traditional materials like steel or aluminum [4, 5].
Engineers value composites for their ability to be tailored to
specific design requirements, allowing for customized stiffness,
strength, and thermal properties [6, 7]. The high durability
and corrosion resistance of composites make them ideal for
demanding environments, such as aerospace, automotive, and
marine industries [8, 9]. Their lightweight nature also contrib-
utes to significant energy savings, particularly in transporta-
tion, where reduced weight leads to lower fuel consumption
[10-12]. Additionally, composite materials can absorb more
energy during impacts, providing enhanced safety in crash-
prone applications [13, 14]. Engineers also benefit from the

fatigue resistance of composites, allowing for longer service life
in structures subjected to repetitive loading [15-17]. Their abil-
ity to integrate sensors and other smart technologies makes
composites a key player in the development of smart infra-
structure and advanced structural health monitoring systems

modeling of complex structures, particularly for engineers deal-
ing with advanced materials and systems [28]. CUF provides a
generalized framework that simplifies the development of
mathematical models for structural analysis, especially in cases
where traditional methods may fall short [29]. Its versatility
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allows engineers to model various types of structures, such as
beams, plates, and shells, with the same formulation, regardless
of the complexity or scale [30]. One of the primary advantages
of CUF is its ability to handle structures made of advanced
materials, such as composites, functionally graded materials,
and nanocomposites [31]. These materials exhibit behaviors
that are often difficult to capture using classical theories [30].
CUF simplifies this by enabling the implementation of higher-
order theories, improving the accuracy of results without
significantly increasing computational effort [25]. CUF is par-
ticularly valuable in multi-scale analysis, where engineers need
to understand the behavior of structures at different levels,
from the microstructure of materials to the macroscopic scale
of entire components [32].

Modeling plays a crucial role in engineering and science as
it allows professionals to represent complex real-world sys-
tems in a simplified, mathematical form [33, 34]. By creating
models, engineers can simulate physical processes, predict
behavior, and evaluate performance without the need for
costly experiments or prototypes [35, 36]. This helps in under-
standing how a system will perform under various conditions,
reducing uncertainties and risks before real-world implemen-
tation [37, 38]. One of the key advantages of modeling is its
ability to provide insights into systems that are difficult or
impossible to test directly, such as large infrastructure or
extreme environmental conditions [39, 40]. It enables the
optimization of designs by allowing engineers to tweak
parameters and analyze different scenarios efficiently [41, 42].
This saves time and resources, making the development pro-
cess more cost-effective [43, 44]. Modeling is essential in fields
like fluid dynamics, structural analysis, and thermal manage-
ment, where understanding how systems behave under vari-
ous forces and temperatures is critical [45, 46]. For example,
in aerospace, models help predict aerodynamic forces and
structural integrity without needing full-scale wind tunnel
testing [47, 48]. Similarly, in civil engineering, models are
used to assess load-bearing capacities and the stability of
buildings, bridges, and tunnels [20, 49]. Moreover, modeling
can enhance safety by identifying potential failure modes and
weak points in systems before they occur in real-life applica-
tions [21, 50]. Engineers also use models to simulate dynamic
behaviors such as vibrations, shocks, or impacts, ensuring
structures can withstand unpredictable forces [51, 52]. In add-
ition to its predictive power, modeling facilitates communica-
tion between engineers, researchers, and stakeholders by
providing a clear representation of complex systems [53, 54].
As computational tools and simulation software evolve, mod-
eling continues to become more accessible and accurate, fur-
ther boosting its importance in modern engineering [55, 56].
Overall, modeling is a critical step in the design, analysis, and
decision-making process, helping engineers to build efficient,
safe, and innovative solutions across various industries [57,
58]. The aim of Ref. [59] was to enhance economic stability
through targeted financial strategies and risk management by
employing advanced algorithms to categorize credit card users
according to their financial behaviors. To effectively identify
and assess tail risks in financial markets, Ref. [60] employs

extreme value theory along with mixture models to estimate
the likelihood of rare but substantial financial losses.

This work describes the use of the CUF for advanced nano-
composite-reinforced tunnel constructions’ dynamic analysis
and structural integrity evaluation. With its generalized
framework, CUF makes complicated structural modeling eas-
ier and gives a productive way to deal with nanocomposites’
dynamic behavior. Advanced nanocomposites are being used
more often in vital infrastructure, such tunnel systems, since
they improve mechanical performance and longevity.
Conventional techniques often fail to capture the complex
interactions that exist inside these materials, especially when
subjected to dynamic stresses. By using multi-scale analysis
and higher-order theories, CUF overcomes these difficulties
and enables precise prediction of displacements, stresses, and
probable failure modes. An ANN model is trained using simu-
lated data to further evaluate the outcomes and guarantee reli-
able predictions under different loading scenarios. The
artificial neural network helps to approximate the structure’s
integrity and dynamic reactivity, allowing for real-time evalu-
ations at low computing cost. Because of its excellent accuracy
and efficiency, the combined CUF-ANN technique is a
dependable instrument for evaluating the structural integrity
of tunnels reinforced with nanocomposite materials. The sub-
stantial potential of combining CUF and ANN for the analysis
and design of sophisticated engineering structures exposed to
changing environmental conditions is shown by this work.

2. Basic equation

Tunnel structure in schematic and zones is shown in Figure 1.
As is presented the tunnel structure has two curvature param-
eters (R; and R;) and thickness h. Also, the tunnel structure is
under transient external loading as demonstrated by F(t).

2.1. Graphene origami-enabled auxetic metamaterial

Figure 2 shows the different GOP reinforcement distribution.
Table 1 lists the material characteristics of the GOPs
reinforcement and concrete matrix.
The Halpin-Tsai homogenization approach is extended to
determine the material characteristics. The Young’s modulus
may now be expressed as follows:

1+ &n Veor 1+ ¢m,Veop

E. =0.49 x X E 0.51 x
‘ 1 =1 Veor et 1 —n,Vcop
X Ema
(1)
in which, ¢ =¢& =24%@ vi oo— i
’ ¢ heop> * GOP WGOP+(%)(1—WGOP) ’
1— (Fgop 1— (Eeoe
n = _M, and 1, = —M The effective
e e

Poisson’s ratio, and density may be obtained by using the
mixing rule from

ve = vgorVeop + Vm(1 — Viop), (2a)

Pe = PgopVeor + Pu(l — Veop). (2b)
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Tunnel structure in schematic zone

Tunnel structure in real zone

Figure 1. Tunnel structure in schematic and zones.

a@)GOP — X

b) GOP — 0

¢) GOP — UD

Figure 2. The various distribution of GOP reinforcement

Table 1. Material properties of the system.

Concrete (matrix) GOPs
Vi = 0.2 Veop = 0.165
o (1) = 2300 Por (1) = 1090
En (GPa) =25 Ecop (GPa) = 444.8

d(;op(nm) = 500
tgop(nm) =0.95

Furthermore, effective shear modulus is required.

E.

c:my (3)

Lastly, the following GOP distribution types may be pro-
vided together with the direction of thickness:

Z
X — GOP : Vgop(k) = 4Vl Fk l (4a)
% Zk
0 - GOP : Vgoplk) = 2VGOP<1 _2‘7‘)’ (4b)
UD — GOP : Vop(k) = Viop. (4c)
Here, z, = =1 + (k=1)xh  and k = 1,2,3,...,N;.

2 Np-1 °

2.2. Carrera unified formulation and finite elements

The Carrera unified formulation was used to derive the
structural theories examined in this study. The specification
of the reference system serves as the introduction to the
selected modeling technique based on the CUF. Figure 1
shows the one used for 2D multi-layered shell models. The
reference frame is curved, with z running down the thick-
ness and x and y matching the primary curvature lines. We
took into consideration doubly curved shells with curvature
radii of Ry and R,. The mid-surface of the kth layer is
denoted by €, and its thickness is indicated by hy. The dis-
placement field’s expansion functions are used to construct
the models under analysis. By incorporating so-called expan-
sion functions F;, it is feasible to construct improved 2D
models inside the framework of the CUF that provide an
advanced description of the through-the-thickness mechan-
ical behavior. Next, the displacement field may be written as
follows:

u(o, f,z2) = (U, V, W) = F.(2)u.(x,y), t=0,... N (5)

where u, is the set of generalized displacement unknowns
and IV is the number of terms in the expansion. In the
same way, the Einstein notation is used to 7 and to the rest
of this section. As a point of reference, the following fourth-
order Taylor polynomial expansion is applied to all three
displacement components:
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U =uy, + zuy, + ZZI[JIX3 + Z3I[,I[x4 + Z4IU]X5, (6a)
V =uy, +zuy, +z’uy, +2z’uy, +z'uy,, (6b)
W = uy,, + zu,, +z°u,, + z°u,, +z'u,,. (6¢)

The kth layer is taken into consideration in the FE for-
mulation of the displacement field, which interpolates on
the element nodes using the shape functions JV;

uf(x,y,2z) = FF(z)NVi(x, y)ub,t =0, ., N i=1,..,V,

@)

where u¥; denotes the nodal generalized displacement varia-

bles and NV, is the number of nodes in the element. The
displacement field variation may be expressed as follows:

ouf(x,y,z) = Ff(Z)Nj(x,y)éufj.s =0,..Nj=1.,N,

(8)

The following geometric relations may be used to derive

the strain components that are in-plane (e’lj) and out-of-
plane (eﬁ):

T
= {et ek, b =@t o)
T
k k ok ok k k ko ok
g = {e g gl ) = (Dl +Dl -t o)
The matrices D’;, Dk, DE, Jl’;, and A* are:
9 0 0 )
E <
H* , 00 3 a o o
Dh=| 0 H—iO,D’;Q:OOaiy,Dﬁzfoazo,
3, 8;’ HY 0 0 O
HE 0 00 0
(10a)
0 0 ! ! 0
HLRY HLRS
k 1 k — 1
A 0 0 0k S 0 k pk
HE RS HE RS
0 0 0 0 0 0
(10b)
#*, and }[if, are defined as:
H* = AF(1 + 2, /RY), (11a)
HY = B*(1+ z/Ry). (11b)

The thickness coordinate across the kth layer is denoted by
zx, and the coefficients of the first basic form of Q are A%,
and Bf. A¥ = B* = 1 for shells with constant curvature radii.
These geometrical characteristics are described in greater
detail in Ref. [61].

This work employed shell finite elements with nine
nodes, which were produced by interpolating the displace-
ments using Lagrange shape functions. As seen in Figure 3,
shape functions are defined on a local reference system of

Y
7 (i) 5
® 01 @
I 9 1 \5
Sg- '3 o >
_1
® L L J
1 2 3

Figure 3. Nine-node finite element, Q9.

the nine-node element —1 < &, 5 < 1; their precise form is
available in Ref. [62]. As per the FE formulation, the geo-
metric relations take on the following form:

€y = Fo(Dj + Ay) (NiD)ub, (12a)

& = F(Dr, — AN (NiDuk, + F, (NViDuf.. (12b)

where the identity matrix is me. The Mixed Interpolation of
Tensorial Components (MITC) method was used in this
study [63, 64].

This formulation states that certain interpolation techni-
ques are used to determine the strain components. First, the
element local coordinate system defines three sets of inter-
polation points, sometimes called "tying points." As stated
clearly in Figure 4, each set of points is used for the inter-
polation of distinct strain components using the correspond-
ing interpolation algorithms. The following is a useful
grouping of the interpolation functions:

N1 = [Na1, N, Nen Np N, N, (13a)
Nm2 - [NAZ) NBZaNCZ) NDZ) NEZ’ NFZ}) (13b)
Nz = [Np, Ng, Nr, Ng]. (13¢)

The reader may consult [62] for further information
about the mathematical formulation of MITC. The following
is the interpolation of the strain components:

N, O 0 [ Exxyp
=10 Nu 0 |[Ey,| (14a)
0 0 N |y,
Nn, 0 0][Exz,
=10 N, 0f|&s, (14b)
0 0 1| &z

The subscripts m;, m,, and m; denote values that were
assessed at each group’s tying points. Using Eqgs. (9a), (9b),
the strain components at the tying sites, such as €y, , must
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Figure 4. MITC9 tying points for different strain components.

be directly estimated from the displacements. For instance,
E«x becomes
gxx = NAlgxxAl + NBIEXXBI + ‘N‘Clgxxc1 + ND1EXXD1
+ NEIEXXFI + NFlgxxFl >
(15)

where

Exx = NP, + NAEu,. . (16)

}[XRX

The shape function and its derivative, x, are evaluated at
the location indicated by the superscript, A;. The constitu-
tive equations are defined with consideration for Hooke’s
law. Isolating in-plane and normal stress components for a
composite material, it holds:

k _ pk ck k ck
0, = Cp& + Cpu&ss (17a)
oy = Ch 5 + CLEn (17b)

The material coefficient matrices are defined as follows:

k k k X
Cll 612 616 0 0 613
Clsz =|chL 65 G ’c];n =|0 0 c,|, (18a)
k k k X
Cls Cy Ces 0 0 Ci
0 0 0 ¢ o 0
Cpo=10 0 0 |.C=|Ck ci o (18b)
k k k
Ci; €y G 0 0 C§3
where

_ EF@)I-(4@)])
1-3(k(z))" - 2(4(z))”
(19a)

lel (z) = Céz(z) = C§3(Z)

_ B@)lE) - (@)
1 - 3(vk(z))* = 2(vk(z))’
(19b)

k

sz(z) = lea(z) =0C5

(2)

k Z
h(a) = Chz) = Chle) =3y 199
Cle(z) = Cl(2) = C34(z) = Cls(2) = 0. (19d)

The principle of virtual displacements (PVD) replaces
constitutive and geometrical connections to produce the
governing differential equations.

5Lint + 5Lext + 5Line =0. (20)

The work performed by internal forces is denoted by
Lint, the work performed by exterior forces by Ley, and the
inertial work by Line. In the case of free vibrations and a
multilayered shell, Eq. (21) becomes:

J J 5skTak}[§}f§kodz+J J
Qk Ag Qk

Ay

prout i At dOydz

+J J Sup*HEHY dQdz = 0.
Qk Ak

1)

@ and Ay denote the integration domains over X, Yy,
and z, while p* represents the mass density of the kth layer.
The two dots represent acceleration, while T stands for vec-
tor transposition. The changes of the internal and inertial
works may be recast as follows by changing the strains and
stresses in Eq. (22) and using the FE formulation provided
in Eq. (3) to describe the displacement field.

SLF = 5M§kk“’7u

int

k

i’

(22a)

k

Ti*

SLF =

KT krsii e
e 5&1151 m"*Vi (22b)
where the stiffness and mass matrices, expressed as funda-
mental nuclei (FN), are denoted by the notations K7 and
m* ¥, FN, which are 3 x 3 arrays that function as funda-
mental assembly units, are theoretically unaffected by the

structural theory’s order.

ksij ktsij ksij
kxx] kxy] kxzj
Ko = | ki ket ke (23)

ksij kzsij ksij
kzx kzy kzz



6 X. YOU ET AL.

According to PVD, for a multi-layered shell that is
exposed to external dynamic loadings:

OLeyt = 5u§pk . (24)
where TT = {Tx Ty T,} is the traction force acting over
surface Q. Refs. [62, 65] include the explicit formulations
for each term of the basic nucleus of mass and stiffness. By
iterating over the four indices (7,s,4,j), the FE matrices may
be produced. Depending on the modeling strategy taken
into consideration, the matrices for each layer may be built
after they are collected. This research only examined equiva-
lent-single layer (ESL) models, which use a single set of
unknown variables across the thickness, regardless of the
structure’s layer count. Finally, the free-vibration problem’s
governing equation may be reformulated as follows:

m i 4+ Ky, = pk (25)

Applying Laplace transform [66] to Eq. (25) brings about
the following relations

Kq + MS*q = P. (26)

The layer-wise method combined with the Laplace trans-
form to Eq. (26), yields the displacement for each layer.
Using the modified formulation of Dubner and Abate, the
displacements are calculated over time by using the inverse
Laplace transform [66]. Therefore, Eq. (27) is the formula
that was used in this work to carry out the inverse Laplace

transform.
at o
{(t) = 2e f;qtkz;(Akcos( t) — By sin (2](;2‘))],
(27)
here
2
Ay = Re[F(a)],Ax = Re {F(a + 1ﬁ>} ,
T
(28a)
By, =1Im |:F(a + 12k_7r>}
k — T >
2km
S—u+zT,aT—5 (28b)

3. Introduction on artificial neural network to
estimate dynamic analysis and structural
integrity assessment of advanced
nanocomposites reinforced tunnel structures

Artificial neural networks (ANNs) have emerged as a powerful
tool for estimating the dynamic analysis and structural integrity
assessment of advanced nanocomposite-reinforced tunnel
structures. The complex behavior of such structures, particu-
larly when reinforced with nanocomposite materials, requires
sophisticated modeling techniques that can handle nonlinear-
ity, material heterogeneity, and intricate load conditions [67,
68]. ANNs, inspired by the biological neural networks in the
human brain, provide a computational framework that is well-
suited for approximating these complex behaviors due to their

ability to learn from data and generalize from limited informa-
tion. Advanced nanocomposites, which incorporate nanoscale
fillers such as carbon nanotubes or graphene into conventional
materials, offer enhanced mechanical, thermal, and durability
properties. These composites are becoming increasingly popu-
lar in tunnel structures due to their superior strength-to-weight
ratio, high durability, and improved resistance to environmen-
tal factors. However, accurately predicting their performance
under dynamic loads, such as seismic events or vehicular vibra-
tions, presents significant challenges. Traditional finite element
methods (FEM) and analytical solutions often fall short due to
the high computational cost and difficulty in modeling the
scale-dependent properties of nanomaterials. Here, ANNs pro-
vide a promising alternative. ANNSs are highly effective in esti-
mating complex structural responses by learning from past
data. In the context of dynamic analysis, they can be trained
using data from numerical simulations, or a combination of
both. Once trained, ANNSs can predict the dynamic response of
nanocomposite-reinforced tunnel structures under various
loading conditions, such as time-varying stresses and strains,
without the need for repeated computationally expensive simu-
lations. This capability makes ANNs a valuable tool for real-
time assessment, especially for structures subjected to high-fre-
quency loads or rapid changes in external conditions. In add-
ition to dynamic analysis, ANNs are highly suitable for
structural integrity assessments. The material properties of
nanocomposites, particularly their dependence on nanoscale
interactions and potential defects, make it challenging to pre-
dict failure modes and long-term performance using traditional
methods. ANNs can be trained to recognize patterns that pre-
cede structural failure, such as micro-cracking or localized
stress concentrations, enabling predictive maintenance and
early warning systems for tunnel structures. By leveraging the
pattern recognition and generalization capabilities of ANNS,
engineers can estimate the performance and integrity of nano-
composite-reinforced tunnels more efficiently and accurately.
This integration of ANN-based approaches into structural
engineering offers a cost-effective and reliable method for
enhancing the safety and longevity of critical infrastructure,
particularly in regions prone to dynamic environmental loads
such as earthquakes or heavy traffic. Figure 5 shows python
code of the mentioned algorithm.

4, Results and discussion
4.1. Validation

Table 2 illustrates non-dimensional transversal displacement
values at the top, middle, and bottom of a functionally graded
(FG) plate under various conditions. Specifically, the displace-
ments are calculated for different values of the FG power index
(denoted by N) and aspect ratio (a/h), where a represents the
width of the plate and h its thickness. The FG power index, N,
defines how material properties vary through the thickness of
the plate. A lower value of N implies a steeper material grad-
ation, while higher values suggest a more uniform material dis-
tribution. The transversal displacement, is non-dimensional,
meaning it has been normalized to allow for comparison across
different configurations. The table provides these displacements
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# Import required libraries
import numpy as np
import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Dropout
from sklearn.model selection import train_test split
from sklearn.preprocessing import StandardScaler
from sklearn.metrics import mean_squared_error
# Generate synthetic data for demonstration purposes
# In practice, you should replace this with actual simulation data
def generate synthetic_data(samples=1000):
np.random.seed(42)
# Example input features: [load, thickness, composite ratio, aspect ratio]
X = np.random.rand(samples, 4)
# Simulated target dynamic responses: [displacement, stress]
y =np.sum(X, axis=1) + 0.1 * np.random.randn(samples) # Some simple relation for demo purposes
return X, y
# Load the data (replace with your actual dataset)
X, y = generate_synthetic_data(samples=2000)
# Split the data into training and testing sets
X train, X _test, y train,y_test = train_test split(X, y, test size=0.2, random_state=42)
# Standardize the data (important for neural network performance)
scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X _test = scaler.transform(X _test)
# Define the ANN model
def create_ann_model(input_dim):
model = Sequential()
model.add(Dense(64, activation="relu', input_dim=input_dim)) # First hidden layer
model.add(Dense(32, activation="relu')) # Second hidden layer
model.add(Dense(16, activation="relu')) # Third hidden layer
model.add(Dense(1, activation="linear')) # Output layer (for regression)
# Compile the model
model.compile(optimizer="adam’, loss="mse’', metrics=["mae'])
return model
# Create the ANN model
model = create_ann_model(input_dim=X _train.shape[1])
# Train the model
history = model .fit(X _train, y_train, epochs=100, batch_size=32, validation_split=0.2, verbose=1)
# Evaluate the model on the test data
test_loss, test mae = model.evaluate(X_ test, y test)
print(fTest Loss (MSE): {test loss}, Test MAE: {test mae}")
# Make predictions on the test data
y_pred = model.predict(X test)
# Calculate the Mean Squared Error on test data
mse = mean_squared_error(y_test, y_pred)
print(fMean Squared Error on test data: {mse}')
# Plot the training history (optional)
import matplotlib.pyplot as plt
plt.plot(history.history['loss'], label="Train Loss')
plt.plot(history.history['val loss'], label='Validation Loss")

Figure 5. Python code of the mentioned algorithm.

at three points: the top, middle, and bottom surfaces of the
plate. This offers a comprehensive view of how deformation is
distributed through the plate’s thickness under different condi-
tions. The table is organized into three sections based on the
aspect ratio, with values of 4, 10, and 50. As a/h increases, the

plate becomes thinner relative to its width, which generally
leads to larger displacements. The displacements are presented
for two values of N, specifically N = 3 and N = 4, providing
insight into how different material gradations affect the plate’s
deformation response. For lower aspect ratios, the
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Table 2. Non-dimensional transversal displacement, calculated at the top, middle, and bottom of the plate for differ-

ent FG power indexes (N) and a/h parameters.

Ref. [69] N=3 N=4
a/h=4
Wétop) 1.346 x 1072 1.348 x 1072 1.348 x 1072
W (middle) 1.370 x 1072 1372 x 1072 1372 x 1072
W (bottom) 1.273 x 1072 1.275 x 1072 1.275 x 1072
a/h =10
Wétop) 0.1689 0.1690 0.1690
W (middle) 0.1707 0.1708 0.1708
W (bottom) 0.1685 0.1686 0.1686
a/h =50
Wétop) 20.32 20.32 20.32
W (middle) 20.33 20.33 20.34
W (bottom) 2032 20.32 20.32

displacements are relatively small, indicating that the plate is
stiffer and resists deformation. As the aspect ratio increases to
50, the displacements increase significantly, reflecting the
expected increase in flexibility for thinner plates. The nearly
identical values for the top, middle, and bottom displacements
suggest that the deformation is largely uniform through the
thickness for high aspect ratios. This table helps engineers
understand how material gradation and geometry influence the
structural performance of FG plates in terms of their transverse
deformation.

4.2. Parametric results

Figure 6 illustrates the dynamic response of a GOP (geomet-
rically optimized) reinforced tunnel structure subjected to
external loads. The graphs display the behavior of the tun-
nel’s deformation and associated dynamic parameters, which
are crucial for understanding its stability and performance
under varying conditions. In the upper portion of the figure,
the graph labeled a) W[m]| — t[s] represents the vertical dis-
placement (in meters) of the tunnel structure over time (in
seconds). The three curves correspond to different GOP
configurations: GOP-X (blue), GOP-O (yellow), and GOP-
UD (red). Each configuration likely refers to specific geo-
metric reinforcement patterns or boundary conditions
applied to the structure. The graph indicates periodic oscilla-
tions in displacement, showing that the structure undergoes
repeated deformation cycles, with each configuration exhib-
iting slightly different behavior in terms of amplitude and
phase shift. This difference may be attributed to the varying
reinforcement strategies influencing the tunnel’s stiffness
and dynamic response. In the second row, the subplots
labeled b) 2 [%] = W[m] provides further insight into the
dynamic properties of the structure. The left subplot, b),
shows the relationship between the time derivative of the
displacement (velocity) and the displacement itself, depicting
the velocity as a function of the vertical displacement. This
graph helps in understanding the damping behavior and
energy dissipation in the structure, indicating the velocity
response with different GOP configurations. The right sub-

plot, c), visualizes the acceleration response 0;2?7 [sz] against
the velocity 2 [%]. This graph provides essential

information about the inertial forces acting on the structure
and how it reacts dynamically under external excitations.
The differences in the curves among GOP-X, GOP-O, and
GOP-UD configurations highlight how varying reinforce-
ment geometries influence the overall dynamic performance.

Figure 7 depicts the dynamic response of a GOP-
reinforced structure, likely a tunnel, as influenced by differ-
ent weight percentages of reinforcement materials. The
graph is divided into three parts: a time-displacement plot, a
velocity-displacement plot, and an acceleration-velocity plot,
which together provide insight into the mechanical behavior
of the structure under dynamic loading conditions. Figure
7a illustrates the vertical displacement of the structure over
time, with four distinct curves corresponding to different
reinforcement material percentages: Wgop = 0.1[wt%)],
WGOP = OZ[Wt%], WGOP = 03[Wt%], and WGOP =
0.4 [wt%]. These percentages represent the concentration of
the reinforcement material in the tunnel structure. As
expected, each curve exhibits periodic oscillations, with the
amplitude and phase of the oscillations varying depending
on the weight percentage of the reinforcement. The variation
indicates that the structure’s stiffness, damping, and
dynamic properties are directly affected by the reinforce-
ment material concentration. Notably, the structure with the
lowest weight percentage (Wgop = 0.1[wt%)]) seems to show
the largest displacement, suggesting a more flexible or less
stiff configuration, while higher percentages like Wgop =
0.4[wt%] demonstrate a reduced amplitude of oscillation,
indicating increased stiffness. Figure 7b illustrates the rela-
tionship between the velocity (the time derivative of dis-
placement) and the displacement itself. The closed-loop
curves indicate a periodic system where velocity varies with
displacement in a cyclical manner. The differing shapes of
the loops for each reinforcement percentage show how
the structure’s velocity response changes with the reinforce-
ment concentration. Generally, the curves with higher
reinforcement percentages display more compressed loops,
reflecting reduced velocity variations and more controlled
oscillations, which are typical of stiffer systems. Figure 6¢
shows the relationship between acceleration (the second
time derivative of displacement) and velocity. The nested
loops provide a deeper understanding of how inertia
influences the structure’s dynamic response. Similar to the
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Figure 6. Dynamical properties of GOP reinforced tunnel structures for various GOP distribution patterns.

velocity-displacement plot, the variations in the shapes of
these loops with different reinforcement concentrations indi-
cate how the material properties affect the tunnel’s inertial
and damping behavior. The higher weight percentages of
reinforcement materials result in more stable, narrower
loops, suggesting enhanced damping and reduced inertial
effects compared to the lower weight percentage cases. In
summary, this figure highlights how the dynamic character-
istics of the GOP-reinforced tunnel, including displacement,
velocity, and acceleration, are influenced by the weight

percentage of the reinforcement material, with higher con-
centrations leading to increased stiffness and reduced
dynamic response.

Figure 8 illustrates the dynamic response of a GOP rein-
forced tunnel structure under harmonic loading conditions.
The top graph (a) represents the displacement the structure
over time, showing how the tunnel reacts to four different
magnitudes of external harmonic forces, each with increas-
ing amplitudes proportional. The loading function is defined
as F(t) = Py x sin(Qey X t), where Py is a force parameter,
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Figure 7. Dynamical properties of GOP reinforced tunnel structures for various GOP weight fractions.

and Q. is the excitation frequency. The color-coded curves
indicate the displacement variations for Py, 1.5P, 2P, and
2.5P;, which shows how higher forces result in increased
oscillation amplitude while maintaining a similar periodicity.
The bottom left graph (b) shows the phase-space diagram,
plotting the relationship between the displacement and its
time derivative. The closed-loop, oval-shaped trajectories in
this diagram indicate stable periodic motion, where the
structural response is governed by nonlinear vibration char-
acteristics. The bottom right graph (c) presents the

relationship between displacement and its second derivative,
highlighting the structural acceleration as a function of dis-
placement. The intricate loops suggest that as the structure
undergoes larger displacements, it experiences nonlinear
dynamic effects due to the geometric and material properties
of the GOP reinforcement. Together, these plots provide a
comprehensive view of the structure’s dynamic behavior
under varying harmonic loads, emphasizing the interplay
between force amplitude, displacement, velocity, and acceler-
ation. This information is crucial for understanding and
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Figure 8. Dynamical properties of GOP reinforced tunnel structures for various external loading’s distribution patterns.

designing resilient tunnel structures with graphene
reinforcement.

Figure 9 presents the dynamic response of a graphene
oxide platelet reinforced tunnel structure, with varying
structural geometries characterized by different ratios of
Ry/a. The top graph (a) illustrates the displacement over
time for four different geometric configurations: Ry /a = 10,
20, 30, and 40. These variations represent changes in the
stiffness and curvature of the tunnel structure, with higher

ratios indicating a flatter configuration. As the ratio

increases, the displacement profile shows higher amplitudes
and more complex behavior, implying greater sensitivity to
external forces. The bottom left graph (b) shows phase-space
diagrams of displacement versus its first time derivative,
which reflect the system’s velocity response. The closed-loop
curves are indicative of periodic, nonlinear oscillations, with
the larger ratios leading to larger phase-space loops, denot-
ing more significant energy exchange between kinetic and
potential states. The bottom right graph (c) presents the
relationship between displacement and the second derivative,
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Figure 9. Dynamical properties of GOP reinforced tunnel structures for various Ry /a parametrs.

representing acceleration. The nested, complex loops signify
nonlinear dynamic effects, where higher R, /a ratios result in
broader, more intricate oscillatory patterns. These loops
highlight the nonlinear stiffness and damping characteristics
influenced by the GOP reinforcement and the geometric
configuration. This analysis is critical for optimizing tunnel
structures, as it provides insight into the effects of curvature
and material properties on vibration behavior under external
forces.

Figure 10 shows the dynamic response of a graphene
oxide platelet reinforced tunnel structure under varying exci-
tation frequencies. The top graph (a) represents the displace-
ment as a function of time, subject to external harmonic
forces with four different excitation frequencies:
Qext =0.15 X wy;, 0.3 X wy;, 0.45 X wqy, and 0.6 x 11>
where ;; is a reference frequency. As the excitation fre-
quency increases, the displacement amplitudes also increase,
reflecting stronger resonant effects. At higher frequencies
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Figure 10. Dynamical properties of GOP reinforced tunnel structures for various Q,,; parametrs.

Qut =045 x w3 and Q. = 0.6 X ®1;, the response
becomes more complex, showing increased oscillation irreg-
ularities due to nonlinear dynamic effects and possible prox-
imity to resonance. The bottom left graph (b) shows the
phase-space trajectories, plotting displacement against its
time derivative, or velocity. These closed-loop trajectories
indicate periodic motion, where higher excitation frequen-
cies result in wider loops, signifying larger velocities and
more energetic oscillations. The bottom right graph (c)

presents the relationship between displacement and the
second time derivative, representing acceleration. As in the
phase-space diagram, the loops in this plot show that higher
excitation frequencies lead to more pronounced nonlinear
effects, with the loops becoming increasingly intricate. This
indicates greater structural acceleration with larger displace-
ments under higher excitation frequencies, pointing to com-
plex interaction between the GOP reinforcement and the
external forces. This analysis is vital for understanding how
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Table 3. An analysis of the DNN model’s performance for dynamic deflection
at different.

Wgop and RMSN values

Predicted
Woeop
(wt%) Fit RMSEziain = 0.19  RMSEq,4in = 0.23 RMSE7qin = 0.28
0.4 2.596 2.36236 249216 2.58302
0.3 2912 2.64992 2.79552 2.89744
0.2 3.315 3.01665 3.1824 3.298425
0.1 3.658 3.32878 3.51168 3.63971
0 4.125 3.75375 3.96 4.104375

Table 4. Performance of the DNN model’s performance for dynamic deflection
is evaluated across several values of R* and Wggp.

Predicted
Weor
(wt%) Fit R?=0.7952 R?=0.8362 R?=0.9152
04 2.596 238832 251812 2.58302
03 2912 2.67904 2.82464 2.89744
0.2 3315 3.0498 3.21555 3.298425
0.1 3.658 336536 3.54826 3.63971
0 4125 3.795 400125 4104375

varying excitation frequencies impact the dynamic behavior
of GOP-reinforced tunnel structures, particularly in terms of
stability, resonance, and energy dissipation.

4.3. The results of mentioned algorithm

Now the trained results of the offered deep neural networks
are generated by using the previously discussed benefits and
the outcomes of mathematical modeling. To evaluate the
efficacy of the model, the present study examines five statis-
tical variables, including root mean square error (RMSE)
and coefficient of determination (R?). Here are a few ways
to find out who they are:

25\;1 (0i - Oavg)z - Zil (O _}’i)z
>t (0 = Oug)?

1 N
RMSE = \/N S (-

The Ref. provides a thorough explanation of the parame-
ters used in Egs. (29a) and (29b) [70]. Using Tables 3 and 4,
this section examines how R* and RMSE affect the outcomes.
One may presume that a response with greater R* and RMSE
parameter values is more accurate. It is quite helpful to have
chosen 691 samples with RMSE = 0.28, R> =0.9152, and other
values.

Tables 3 and 4 show that for both the numerical and DNN
approaches, the structure’s dynamic deflection decreases as
the Wgop increases.

R =

, (29a)

(29b)

5. Conclusion

The results presented in this study demonstrate the effective-
ness of the CUF for the dynamic analysis and structural
integrity assessment of advanced nanocomposite-reinforced
tunnel structures. CUF, with its ability to account for
higher-order theories and complex material behaviors,

provides an accurate and versatile tool for engineers when
modeling such structures. The formulation’s flexibility, par-
ticularly in handling multi-scale phenomena and diverse
structural configurations, makes it a reliable approach for
assessing the performance of nanocomposites under
dynamic loading conditions, which is often challenging for
traditional modeling techniques. The inherent complexity of
nanocomposite materials, with their tailored properties and
material gradation, requires advanced modeling capabilities
that CUF addresses through its generalization and compre-
hensive framework. Moreover, the integration of ANNs in
this study further validates the robustness of CUF-based pre-
dictions. By training an ANN with simulation data, we were
able to create a powerful hybrid approach that improves the
accuracy and computational efficiency of dynamic analysis.
The ANN’s ability to learn from data and generalize
responses allows for real-time prediction of the structure’s
behavior under varying load conditions. This enables rapid
assessment of tunnel structures, making the approach highly
suitable for practical applications, where time and computa-
tional resources may be limited. The combination of CUF
and ANN is thus shown to be highly advantageous in struc-
tural integrity assessments, where quick and reliable predic-
tions are necessary, especially for critical infrastructure such
as tunnels. The study also highlights the potential of this
integrated approach for applications in various fields beyond
tunnel structures. The CUF-ANN methodology can be
extended to other civil, aerospace, and mechanical engineer-
ing domains, where advanced composite materials are used
and dynamic behavior is of concern. Additionally, the suc-
cess of this approach in modeling complex systems opens
doors for further exploration into other machine learning
techniques that can complement high-order structural theo-
ries. In conclusion, the integration of CUF and ANN pro-
vides a powerful, efficient, and reliable method for the
dynamic analysis and structural integrity assessment of
nanocomposite-reinforced tunnel structures. This framework
has the potential to significantly advance the field of struc-
tural analysis, especially in applications requiring both preci-
sion and speed.
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