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ABSTRACT 
This paper presents a novel approach integrating artificial intelligence (AI) optimization and math-
ematical simulation to predict the resonance frequency of nanoclay-reinforced concrete cylindrical 
shell structures intended for bridge applications. These composite structures, known for their 
enhanced mechanical properties, require precise evaluation of their vibrational behavior to ensure 
structural stability and longevity. Traditional methods for predicting resonance frequencies are 
often time-consuming and prone to inaccuracies, especially in complex materials like nanoclay 
composites. To address this, an AI-based optimization algorithm was developed, incorporating 
Particle Swarm Optimization (PSO) and a mathematical modeling to simulate resonance character-
istics under varying material and geometric parameters. The mathematical modeling is validated 
using nondestructive testing (NDT) techniques, such as modal analysis, which provided real-world 
resonance data without damaging the structure. The nondestructive testing results is compared 
against the mathematical model to ensure accuracy and reliability. The integration of nanoclay 
into the concrete matrix significantly altered the vibrational properties, enhancing the stiffness 
and reducing damping losses, which is crucial for bridge applications where dynamic loads are 
prevalent. The optimized model not only predicted resonance frequencies with high accuracy but 
also demonstrated its potential for large-scale bridge infrastructure. This methodology offers a 
streamlined and robust tool for engineers, reducing the need for physical prototyping and provid-
ing enhanced design capabilities. Future research will focus on expanding the model to incorpor-
ate additional material behaviors and load conditions, furthering its application in civil 
engineering.
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1. Introduction

Advanced composites are crucial for engineers due to their 
remarkable properties. They provide an enhanced strength- 
to-weight ratio, allowing for lighter yet stronger structures 
[1, 2]. This improvement translates into increased efficiency 
and performance in various applications. Composites also 
exhibit superior durability, resisting corrosion, wear, and 
environmental degradation, which leads to reduced mainten-
ance and longer service life. The design flexibility offered by 
composites is unmatched; engineers can customize fiber ori-
entations and matrix materials to meet specific requirements 
[3, 4]. Thermal resistance is another critical advantage, as 
these materials withstand extreme temperatures, making 
them ideal for aerospace and automotive industries [5, 6]. 
Advanced composites also excel in vibration damping, con-
tributing to smoother and more comfortable mechanical sys-
tems [7]. Their fatigue resistance ensures that components 
can endure repeated stress without failure, extending their 

operational lifespan [8]. Additionally, the impact resistance of 
composites enhances safety by protecting structures from 
sudden forces [9]. Composites are also highly resistant to 
chemical attacks, which is vital for applications in harsh envi-
ronments [10, 11]. Their low thermal expansion minimizes 
dimensional changes with temperature fluctuations, main-
taining structural integrity [12]. The versatility in manufac-
turing techniques, such as molding and layering, allows for 
complex shapes and designs that traditional materials cannot 
achieve [13]. Engineers benefit from the reduced weight of 
composites, which can lead to fuel savings and lower emis-
sions in transportation sectors [14]. The customization of 
properties such as stiffness and strength allows for precise 
control over material performance [15]. Advanced compo-
sites also support innovative engineering solutions, enabling 
the development of new products and technologies [16]. 
Their use contributes to sustainable engineering practices by 
reducing material waste and improving energy efficiency 
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[17]. The integration of advanced composites into engineer-
ing projects represents a significant advancement in materials 
science, driving progress across multiple industries [18, 19]. 
As research and technology continue to evolve, the potential 
applications and benefits of advanced composites will expand, 
offering engineers even more opportunities for innovation 
and improvement [20].

The seismic performance of structures is vital for engi-
neers due to several crucial reasons [21, 22]. First, it directly 
impacts safety by ensuring that buildings and infrastructure 
can withstand earthquakes, protecting lives and reducing the 
risk of injury or fatalities [23, 24]. Second, maintaining 
structural integrity during seismic events prevents cata-
strophic failures, preserving the stability of critical infra-
structure and reducing damage [25, 26]. Third, engineers 
must design structures to remain functional after an earth-
quake, facilitating quick recovery and minimizing disruption 
to communities and essential services [14, 27]. Fourth, 
effective seismic performance reduces the economic impact 
of earthquakes by lowering repair and reconstruction costs 
[15, 28]. Fifth, it enhances the resilience of infrastructure, 
enabling it to perform reliably under seismic loads [29, 30]. 
Sixth, considering seismic performance in design helps in 
meeting building codes and regulatory requirements, ensur-
ing compliance and avoiding legal issues [31, 32]. Seventh, it 
supports the longevity of structures, extending their service 
life and protecting investments [33, 34]. Eighth, seismic per-
formance contributes to the overall durability of buildings, 
reducing maintenance needs and associated costs [35, 36]. 
Ninth, it fosters public confidence in the safety and reliabil-
ity of infrastructure, which is crucial for community trust 
and well-being [37, 38]. Tenth, engineers can use advanced 
materials and construction techniques to improve seismic 
performance, leading to innovative design solutions [39, 40]. 
Eleventh, effective seismic design minimizes the risk of sec-
ondary hazards, such as fires or gas leaks, that can occur 
after structural damage [41, 42]. Twelfth, it allows for the 
incorporation of retrofitting strategies in existing structures, 
enhancing their earthquake resistance [43, 44]. Thirteenth, 
good seismic performance supports the efficient use of 
resources by optimizing material usage and construction 
methods [45, 46]. Fourteenth, it aids in the development of 
resilient urban planning, integrating seismic considerations 
into the broader context of city design [47, 48]. Fifteenth, 
engineers can use simulation and modeling tools to predict 
and enhance seismic behavior, leading to more effective 
designs [49, 50]. Sixteenth, proper seismic design contributes 
to the sustainability of infrastructure by reducing the need 
for frequent repairs and replacements [51]. Seventeenth, it 
helps protect cultural heritage by ensuring that historic 
buildings and monuments can withstand earthquakes [52]. 
Eighteenth, understanding seismic performance supports the 
development of safety guidelines and emergency prepared-
ness plans [53]. Nineteenth, it enhances the ability to design 
structures that can be rapidly evacuated or repurposed after 
an earthquake [54]. Twentieth, ongoing research and 
advancements in seismic engineering continue to improve 

the effectiveness of design practices, contributing to safer 
and more resilient communities [55].

In order to forecast the resonance frequency of concrete 
cylinder shell constructions reinforced with nanoclay that are 
meant for use as bridges, this research provides a unique 
method that combines mathematical modeling with artificial 
intelligence optimization. Because of their improved mechan-
ical qualities, these composite constructions need to have 
their vibrational behavior precisely evaluated in order to 
guarantee structural lifetime and stability. Conventional tech-
niques for estimating resonance frequencies are often labori-
ous and prone to error, particularly when dealing with 
intricate materials like nanoclay composites. An AI-based 
optimization approach was created to solve this, combining 
mathematical modeling to replicate resonance characteristics 
under altering material and geometric factors with Particle 
Swarm Optimization. Nondestructive testing methods, such 
as modal analysis, which produced real-world resonance data 
without endangering the structure, are used to verify the 
mathematical models. The correctness and reliability of the 
nondestructive testing findings are verified by comparing 
them with the mathematical model. For bridge applications 
where dynamic loads are common, the incorporation of 
nanoclay into the concrete matrix dramatically changed the 
vibrational characteristics by increasing stiffness and decreas-
ing damping losses. The refined model showed promise for 
extensive bridge infrastructure in addition to its high accur-
acy resonance frequency prediction. This technique reduces 
the need for physical prototypes and gives engineers a sturdy 
and efficient tool with improved design capabilities. To fur-
ther enhance the model’s usefulness in civil engineering, 
future research will concentrate on adding other material 
behaviors and load circumstances.

2. Mathematical modeling

2.1. Material properties of the nanoclay composites 
reinforced concrete shell structure

These days, one of the materials most often used in industry 
is a composite made of polymers. These materials are gain-
ing a lot of interest in the aerospace, military, and aviation 
sectors because of their strong mechanical qualities and not-
able weight reduction in structural design. Special qualities 
including high strength-to-weight ratio, fatigue resistance, 
and wear resistance [56] set composite materials apart from 
conventional metallic alloys. Additionally, a cylindrical shell, 
represented by the letter L, is taken into consideration in 
this research. As seen in Figure 1, the average radius and 
shell thickness are R and h, respectively.

2.2. Elasticity modulus using the Halpin-Tsai model

The elastic modulus of composite materials, such as nano-
clay-reinforced composites, is often predicted using the 
Halpin-Tsai model. The reinforcement’s distribution, form, 
and orientation within the matrix are all taken into consid-
eration by this model. The effective Young’s modulus, Ec, of 
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a composite reinforced by nanoclay may be approximated as 
follows:

Ec ¼ Em � ðð1þ 2gWNCÞ=ð1 − gWNCÞÞ, (1) 

where:
Ec ¼ Effective Young’s modulus of the composite.
Em ¼ Young’s modulus of the matrix material.
WNC ¼ Volume fraction of the nanoclay.
g ¼ Reinforcement efficiency parameter, defined as:

g ¼ Ef =Em
� �

− 1
� �

= Ef =Em
� �

− 2f
� �

, (2) 

where:
Ef ¼ Young’s modulus of the nanoclay.
f ¼ A parameter depending on the shape and orientation 

of the nanoclay particles. For platelets like nanoclay, f is 
often taken.

2.3. Other material properties

The Poisson’s ratio of the composite can be estimated as:

#c ¼ #m � 1 − WNCð Þ þ #f �WNC, (3) 

where:
#c¼ Poisson’s ratio of the composite.
#m ¼ Poisson’s ratio of the matrix.
#f¼ Poisson’s ratio of the nanoclay.

The density of the composite is given by:

qc ¼ qm � 1 − WNCð Þ þ qf �WNC, (4) 

where:
qc ¼ Density of the composite.
qm ¼ Density of the matrix.
qf ¼ Density of the nanoclay.

2.4. Distribution pattern of nanoclays along with 
thickness direction

The mechanical, thermal, and barrier characteristics of a 
composite structure may be greatly impacted by the distri-
bution of nanoclay. The volume fraction, or the ratio of the 
nanoclay volume to the overall volume of the composite 
material, is often used to assess the effect of nanoclay dis-
persion. The function of nanoclay dispersion changes with 
volume fraction in the following ways in various directions 
(such as along the thickness and in-plane):

Pattern O : VNC zð Þ ¼ 2 1 −
zj j
h

� �

V�NC, (5a) 

Pattern UD : VNC zð Þ ¼ V�NC, (5b) 

Pattern X : VNC zð Þ ¼ 4
zj j
h

V�NC, (5c) 

where the total volume percentage of nanoclays is denoted 
by V�NC: It remains steady and unaffected by the 

Figure 1. Geometry and coordinate system of a reinforced concrete shell construction using nanoclay composites.
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distributions of nanoclays. It may be expressed like this:

V�NC ¼
WNC

WNC þ qc=qm − WNCqc=qm
: (6) 

Various distribution patterns of nanoclays are shown in 
Figure 2.

The properties of the materials used are presented in 
Table 1.

2.5. Kinematic relations and energy expressions

The linear strain-displacement connections may be 
explained using the 3-D shell theory of elasticity as,

Ex ¼
@u
@x

,Eh ¼
@v
r@h
þ

w
r

,Er ¼
@w
@r

, (7a) 

chr ¼
@w
r@h
þ
@v
@r

−
v
r

, cxr ¼
@u
@r
þ
@w
@x

, cxh ¼
@u
r@h
þ
@v
@x

:

(7b) 

where Ex, Eh and Er represent the normal stresses; chr, cxr 
and cxh indicate the shear strains; and u, v and w indicate 
the displacement components in the x (axial), h (circumfer-
ential), and r (radial) directions. Given Hooke’s law, the 
overall stress-strain relationships may be expressed as

ox
oh

or
Thr
Txr
Txh

8
>>>>>><

>>>>>>:

9
>>>>>>=

>>>>>>;

¼

Q11 Q12 Q13 0 0 0
Q12 Q22 Q23 0 0 0
Q13 Q23 Q33 0 0 0

0 0 0 Q44 0 0
0 0 0 0 Q55 0
0 0 0 0 0 Q66

2

6
6
6
6
6
6
4

3

7
7
7
7
7
7
5

Ex
Eh

Er
chr
cxr
cxh

8
>>>>>><

>>>>>>:

9
>>>>>>=

>>>>>>;

:

(8) 

where ox, oh and or signify normal stresses; Thr, Txr and 
Txh express the shear stresses; Qij ði, j ¼ 1 − 6Þ represent 
the elastic constants, which can be represented as

Q11 ¼ Q22 ¼ Q33 ¼
Ecð1 − #cÞ

ð1þ #cÞð1 − 2#cÞ
,

Q12 ¼ Q13 ¼ Q23 ¼
#cEc

ð1þ #cÞð1 − 2#cÞ
,

(9a) 

Q44 ¼ Q55 ¼ Q66 ¼
Ec

2ð1þ #cÞ
: (9b) 

Following the kinematic relations, the strain energy UV 
of the composite structure is manifested as follows:

Figure 2. Various distribution patterns of nanoclays.

Table 1. Mechanical properties of the two components of the matrix and the 
reinforced  [57].

Property name Matrix Nanoclay

Modulus of elasticity Eð Þ [GPa] 25 178
Density (q) [kg/m3] 2300 2580
Poisson’s ratio (#) 0.2 0.25

UV ¼
1
2

ð

V

oxEx þ orEr þ ohEh þ Thrchr þ Txrcxr þ Txhcxhð ÞdV

¼
1
2

ð

V

(

Q11
@u
@x

� �2

þ 2Q12
@u
@x

@v
r@h
þ

w
r

� �

þ 2Q13
@u
@x

@w
@r
þQ22

@v
r@h
þ

w
r

� �2

þ 2Q23
@v
r@h
þ

w
r

� �
@w
@r
þQ33

@w
@r

� �2

þQ44
@w
r@h
þ
@v
@r

−
v
r

� �2

þQ55
@u
@r
þ
@w
@x

� �2

þQ66
@u
r@h
þ
@v
@x

� �2)

dV:

(10) 
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To replicate the boundary conditions, a set of continu-
ously distributed boundary springs is used in this study 
[58]. Three sets of linear springs with stiffnesses ku0, kv0 
and kw0 (or kuL, kvL and kwL) are inserted at edge x ¼ 0 
(or edge x ¼ L). One may generate varied boundary condi-
tions by varying the values of each stiffness. The boundary 
springs’ conserved potential energy US is,

US ¼
1
2

ðh

0

ð2p

0

�

ku0u2 þ kv0v2 þ kw0w2
� �

jx¼0

þ kuLu2 þ kvLv2 þ kwLw2
� �

jx¼L

�

rdhdr: (11) 

As previously stated, mechanical stress and Winkler- 
Pasternak elastic foundations are taken into account. The 
following represents the potential energy associated with the 
three elastic foundations UF :

UF, WP ¼
1
2

ðL

0

ð2p

0
KWw2 þ KP

@w
@x

� �2

þ
@w
r@h

� �2
" #( )

jr¼Ro
Rodhdx,

(12a) 

UF, P ¼
1
2

ðL

0

ð2p

0
P�

@w
@x

� �2

þ
@w
r@h

� �2
" #( )

jr¼Ro
Rodhdx:

(12b) 

where UF, WP represent the potential energy in correspond-
ence with Winkler-Pasternak foundations, and UF, P indicate 
potential energy with mechanical load respectively.

In addition, the kinetic energy T can be depicted as,

T ¼
ðh

0

ð2p

0

ðL

0

qc
2

@u
@t

� �2

þ
@v
@t

� �2

þ
@w
@t

� �2
( )

rdxdhdr:

(13) 

2.6. Admissible displacement functions and unified 
solution

In this part, six distinct categories of acceptable functions 
are selected for comparison. These recursive formulas of 
order i and variable A may be represented as Hi Að Þ: It 
should be noted that the intervals of A vary for various pol-
ynomials, hence the following equations can be provided:

1. Chebyshev polynomials of first kind (Chebyshev I) [59]

H0 Bð Þ ¼ 1, H1 Bð Þ ¼ B, Hi Bð Þ

¼ 2BHi−1 Bð Þ − Hi−2 Bð Þ, i � 2, B 2 −1, 1½ �:

(14) 

2. Chebyshev polynomials of second kind (Chebyshev II) 
[59]:

H0 Bð Þ ¼ 1, H1 Bð Þ ¼ 2B, Hi Bð Þ

¼ 2BHi−1 Bð Þ − Hi−2 Bð Þ, i � 2, B 2 −1, 1½ �:

(15) 

3. Legendre polynomials [59]:

H0 Bð Þ ¼ 1, H1 Bð Þ ¼ 2B, Hi Bð Þ

¼
2i − 1

i
BHi−1 Bð Þ −

i − 1ð Þ

i
Hi−2 Bð Þ, i � 2,

B 2 −1, 1½ �

(16) 

4. Orthogonal polynomials [60]:

H0 Bð Þ ¼ 1, Hi Bð Þ ¼
Ci Bð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Ð 1

0 Ci Bð Þ
� �2

dB

q , i � 1: (17) 

where CiðBÞ are a set of polynomials which are orthog-
onal. The corresponding recursive formulas can be con-
structed as below

C1ðBÞ ¼ 1, C2ðBÞ ¼ ðB − B1ÞC1ðBÞ
Ciþ1ðBÞ ¼ ðB − BiÞCiðBÞ − CiCi−1ðBÞ, i � 2

, B 2 ½0, 1�:

(

(18) 

where

Bi ¼

Ð 1
0 B½CiðBÞ�

2dB
Ð 1

0 ½CiðBÞ�
2dB

,Ci ¼

Ð 1
0 BCiðBÞCi−1ðBÞdB
Ð 1

0 ½Ci−1ðBÞ�
2dB

:

(19) 

5. Modified Fourier series of first kind (Modified Fourier 
I) [61]:

Hi Bð Þ ¼

sin
i − 3ð Þp

a
B, 1 � i � 2

cos
i − 3ð Þp

a
B, i > 2

:

8
>>><

>>>:

(20) 

In x direction, a ¼ L, A 2 ½0, L�; in r direction, a ¼ h, 
A 2 ½0, h�: It is worth noting that when i ¼ 1 and 2, 
two supplementary terms with sinusoidal form are 
exerted to assure the second-derivatives of admissible 
functions. 

6. Modified Fourier series of second kind (Modified 
Fourier II) [62]:

H1 Bð Þ ¼ B
B

a
− 1

� �2

, H2 Bð Þ ¼
B2

a
B

a
− 1

� �

,

Hi Bð Þ ¼ cos
i − 3ð Þp

a
B, i � 3

(21) 

In x direction, a ¼ L, A 2 ½0, L�; in r direction, a ¼ h, 
A 2 ½0, h�: Again, two additional terms H1 and H2 are added 
to deal with any possible discontinuities.

The displacement fields of the composite structures can 
be presented in a general form as:

u ¼
XM

m¼0

XN

n¼0
Hm Bxð ÞHn Brð Þ Uc

mncos nhð Þ þ Us
mnsin nhð Þ

� �
eixt ,

(22a) 
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v ¼
XM

m¼0

XN

n¼0
Hm Bxð ÞHn Brð Þ Vc

mn cos nhð Þ þ Vs
mn sin nhð Þ

� �
eixt ,

(22b) 

w ¼
XM

m¼0

XN

n¼0
Hm Bxð ÞHn Brð Þ Wc

mn cos nhð Þ þWs
mn sin nhð Þ

� �
eixt:

(22c) 

where Uc
mn , Us

mn , Vc
mn , Vs

mn , Wc
mn and Ws

mn are unknown 
expanded coefficients; M and N are the maximum values of 
m and n, respectively; n indicates the circumferential wave 
number; x is the angular frequency and t is the time; 
HmðBxÞ and HnðBrÞ are the polynomials of degree m in 
the length direction and of degree n in the radial direction, 
respectively. The expressions of them are

Hm ¼ H0 Bxð Þ, H1 Bxð Þ, :::, Hm Bxð Þ, :::, HM Bxð Þ½ �, (23a) 

Hn ¼ H0 Brð Þ, H1 Brð Þ, :::, Hn Brð Þ, :::, HN Brð Þ½ �: (23b) 

The Bx and Br are dimensionless coordinate in the x 
and r directions, respectively. They are obtained from linear 
transformations of x and r, since different polynomials are 
defined in diverse intervals. For Chebyshev I, II and 
Legendre polynomials,

Bx ¼ 2x=L − 1, Br ¼ 2r=h − 1, (24) 

For Orthogonal polynomials and Fourier-Bessel series,

Bx ¼
2x
L

, Br ¼
2r
h

, (25) 

For Modified Fourier I and II,

Bx ¼ x, Br ¼ r, (26) 

Then, the unified forms of admissible displacement func-
tions can be represented as,

u ¼ U � gu, v ¼ V � gv, w ¼W � gw, (27) 

where

V ¼W ¼ U, (28b) 

gu ¼ Uc
00, :::Uc

mn , :::Uc
MN ,Us

00, :::Us
mn , :::Us

MN
� �

eixt, (28c) 

gv ¼ Vc
00, :::Vc

mn , :::Vc
MN ,Vs

00, :::Vs
mn , :::Vs

MN
� �

eixt , (28d) 

gw ¼ Wc
00, :::Wc

mn , :::Wc
MN ,Ws

00, :::Ws
mn , :::Ws

MN
� �

eixt:

(28e) 

Currently, the Rayleigh-Ritz approach may be used to 
carry out the solution operation. The composite structure’s 
Lagrangian energy function may be shown as,

L ¼ UV þ US þ UF − T: (29) 

Then the L is minimized with respect to unknown 
expanded coefficient # (¼Umn , Vmn and Wmn ) as below:

@L
@#
¼ 0:# ¼ Umn ,Vmn ,Wmn (30) 

By integrating Eqs. (22a), (22b), (22c) and (29) into Eq. 
(30), the motion equation of the composite structure can be 
achieved,

k − x2mð Þg ¼ 0: (31) 

where m stands for the mass matrices associated with the 
kinetic energy; k is the stiffness matrix associated with 
strain energy, potential energy contained in the boundaries, 
elastic foundation, and mechanical load; g ¼ gu , gv , gw½ �

T :

in which:

m ¼
muu 0 0

0 mvv 0
0 0 mww

2

6
4

3

7
5, (32a) 

muu ¼

ð ð ð

qrUTUdV, mvv ¼

ð ð ð

qrVTVdV, mww

¼

ð ð ð

qrWTWdV,

(32b) 

dV ¼ rdrdhdx, (32c) 

k ¼

kuu kuv kuw

kT
uv kvv kvw

kT
uw kT

vw kww

2

6
6
4

3

7
7
5, (32d) 

U ¼
H0ðBxÞH0ðBrÞcosðnhÞ, :::, HmðBxÞHnðBrÞcosðnhÞ, :::, HMðBxÞHNðBrÞcosðnhÞ

H0ðBxÞH0ðBrÞsinðnhÞ, :::, HmðBxÞHnðBrÞsinðnhÞ, :::, HMðBxÞHNðBrÞsinðnhÞ

( )

, (28a) 
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kuu ¼

ð ð ð

Q11r
@UT

@x
@U
@x
þQ55r

@UT

@r
@U
@r
þQ66

1
r
@UT

@h

@U
@h

� �

dV

þ

ð ð

ku0UTUjx¼0 þ kuLUTUjx¼L
� �

dS1,

(32e) 

kuv ¼

ð ð ð

Q12
@UT

@x
@V
@h
þQ66

@UT

@h

@V
@x

� �

dV, (32f) 

kuw ¼

ð ð ð

Q12
@UT

@x
WþQ13r

@UT

@x
@W
@r
þQ55r

@UT

@r
@W
@r

� �

dV,

(32g) 

kvv ¼

ð ð ð (
Q22

r
@VT

@h

@V
@h
þ
Q44

r
VTVþQ44r

@VT

@r
@V
@r

þQ66r
@VT

@x
@V
@x

−Q44 VT @V
@r
þ
@VT

@r
V

� �)

dV

þ

ð ð

kv0VTVjx¼0 þ kvLVTVjx¼L

� �
dS1,

(32h) 

kvw ¼

ð ð ð (
Q22

r
@VT

@h
WþQ23

@VT

@h

@W
@r
þQ44

@VT

@r
@W
@h

−
Q44

r
VT @W

@h

)

dV,

(32i) 

kww ¼

ð ð ð (
Q22

r
WTWþQ23 WT @W

@r
þ
@WT

@r
W

� �

þQ33r
@WT

@r
@W
@r
þ
Q44

r
@WT

@h

@W
@h
þQ55r

@WT

@x
@W
@x

)

dV

þ

ð ð

kw0WTWjx¼0 þ kwLWTWjx¼L
� �

dS1

þ

ð ð

KWWTWþ KP
@WT

@x
@W
@x
þ

KP

r2
@WT

@h

@W
@h

� �

jr¼Ro
RodS3

þ

ð ð

P
@WT

@x
@W
@x
þ

H

r2
@WT

@h

@W
@h

� �

jr¼Ro
RodS3,

(32j) 

dS1 ¼ rdrdh; dS3 ¼ dxdh, (32k) 

Also, the dimensionless parameters can be computed as 
follows:

K�W ¼
KWR5

EmI
, K�P ¼

KPR3

EmI
, P0 ¼ 1 MPa½ �: (33) 

3. Introducing artificial intelligence optimization 
technique to predict resonance frequency in 
advanced composite structures

The application of artificial intelligence (AI) in the field of 
material science, particularly in predicting the resonance 

frequency of advanced composite structures, has gained sig-
nificant traction due to its ability to analyze complex rela-
tionships and optimize parameters. This technique addresses 
challenges in traditional computational methods by leverag-
ing AI-driven optimization for accurate predictions of reson-
ance frequencies. This paper introduces a novel AI 
optimization framework designed to predict resonance fre-
quency in composite structures efficiently. Advanced com-
posite materials are widely used in aerospace, automotive, 
and civil engineering industries due to their high strength- 
to-weight ratios, durability, and design flexibility. However, 
predicting their resonance frequency, a critical property that 
affects the structural performance, remains a complex task. 
The resonance frequency is influenced by several factors, 
including material properties, geometric configurations, 
boundary conditions, and environmental factors. Traditional 
methods like finite element analysis (FEA) can be computa-
tionally expensive and time-consuming, especially for large 
or intricate composite structures. With the advancements in 
machine learning (ML) and optimization algorithms, AI 
offers new possibilities for improving predictive models’ 
accuracy and efficiency. This paper explores how AI opti-
mization techniques can be applied to predict the resonance 
frequency of composite structures with a focus on reducing 
computational time while maintaining high accuracy. 
Resonance frequency is a key dynamic property of a struc-
ture, representing the frequency at which it naturally tends 
to oscillate. For composite materials, factors such as anisot-
ropy, non-homogeneous nature, and the presence of mul-
tiple layers make the prediction of resonance frequencies 
more challenging compared to traditional isotropic materi-
als. Misestimating resonance frequencies can lead to cata-
strophic failures, particularly in structures subject to cyclic 
loading or dynamic stresses.

3.1. Limitations of conventional methods

The conventional approaches to predicting resonance fre-
quencies involve:

� Finite Element Analysis (FEA): Accurate but computa-
tionally intensive, especially for complex composites.

� Analytical Methods: Limited to simpler geometries and 
material configurations.

� Empirical Methods: Dependent on past experimental 
data and limited in terms of generalization.

These methods struggle to handle the complexity and 
variability of advanced composites effectively and efficiently.

3.2. AI-based optimization techniques

AI-based optimization methods integrate predictive models 
with optimization algorithms to enhance accuracy and 
reduce computational load. Here are some key AI techni-
ques that can be applied.
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3.3. Machine learning (ML) models

ML models can be trained using data from previous simula-
tions, experiments, or hybrid models combining both 
approaches. Some commonly used ML models in this 
domain include:

� Neural Networks (NNs): Can capture non-linear rela-
tionships between the variables affecting resonance 
frequency.

� Support Vector Machines (SVM): Used for regression 
tasks in predicting continuous variables like resonance 
frequencies.

� Gaussian Processes (GP): Provide probabilistic predic-
tions and quantify uncertainty in the predictions.

3.4. Optimization algorithms

To optimize the parameters that influence resonance fre-
quency predictions, AI-driven optimization techniques can 
be employed:

� Genetic Algorithms (GA): Mimics the process of natural 
selection to optimize the design variables of composite 
structures for accurate resonance frequency predictions.

� Particle Swarm Optimization (PSO): Uses a population- 
based search approach where candidate solutions (par-
ticles) are adjusted iteratively to converge on the optimal 
set of parameters.

� Bayesian Optimization: Works well with limited data by 
constructing a probabilistic model to optimize the 
parameters that affect resonance frequency.

3.5. Proposed AI-based optimization framework

The proposed AI-based optimization framework to predict 
resonance frequency in composite structures involves the 
following steps:

Step 1: Data acquisition

Gather experimental or simulated data related to material 
properties, geometric configurations, and boundary condi-
tions affecting the resonance frequency. This dataset will 
serve as the foundation for training the AI model.

Step 2: Feature engineering

Select and preprocess the key features influencing resonance 
frequency, such as fiber orientation, layer thickness, matrix 
properties, boundary conditions, and load conditions. 
Dimensionality reduction techniques, like Principal Component 
Analysis (PCA), can be used to remove redundant features.

Step 3: Model training

Use supervised learning models like neural networks or 
support vector regression (SVR) to train the AI model on 

the dataset. This model will learn the relationship between 
input features (material and structural parameters) and out-
put (resonance frequency).

Step 4: Model validation and testing

Evaluate the trained model using cross-validation techni-
ques to ensure generalization and minimize overfitting. The 
model’s performance is assessed using metrics such as mean 
absolute error (MAE) or root mean squared error (RMSE).

Step 5: Optimization using AI algorithms

Apply an AI optimization algorithm (e.g. genetic algo-
rithms or particle swarm optimization) to fine-tune the 
model parameters. This step ensures that the predicted res-
onance frequency is optimized for specific design 
requirements.

Step 6: Prediction

Once optimized, the AI model can predict resonance fre-
quencies for new composite structures or configurations 
with high accuracy.

AI optimization techniques offer a powerful tool for pre-
dicting the resonance frequencies of advanced composite 
structures with greater efficiency and accuracy than conven-
tional methods. By incorporating machine learning models 
and optimization algorithms, the proposed framework pro-
vides a flexible and scalable solution to complex dynamic 
problems in materials engineering. Future work will focus 
on expanding the dataset, refining the model’s prediction 
accuracy, and integrating the framework into commercial 
software for practical use.

3.6. Mathematics simulation of the AI optimization 
technique

To simulate the AI optimization technique for predicting 
resonance frequency in composite structures, we can break 
it down into two main parts: Machine Learning for 
Prediction and Optimization Algorithm. The steps below 
outline a simple mathematical simulation that can be 
adapted into a more complex framework.

A simple Python code of the mentioned algorithm is 
given in Figure 3.

4. Numerical result

4.1. Validation of the results via a nondestructive 
testing

Figure 4 compares the natural frequencies of a cylindrical 
shell as a function of the number of circumferential waves. 
The x-axis represents the number of circumferential waves, 
while the y-axis shows the natural frequency, denoted as 
x=2p, in units of Hz: Two sets of data are presented: one is 
labeled “Present study” (depicted by a solid black line), and 
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the other, “Experimental Sewall and Naumann [63]” (shown 
as red circles), indicating experimental results from a previ-
ous study by Sewall and Naumann [63]. The natural fre-
quency decreases initially with an increasing number of 
circumferential waves, reaching a minimum at around six 
waves. After this point, it begins to rise again, showing a 
quadratic-like behavior for the remainder of the wave num-
bers. The shape of the curve suggests that the natural fre-
quency is influenced by both the geometry and boundary 
conditions of the cylindrical shell, exhibiting a critical point 
at a certain number of circumferential waves before rising 
sharply. The figure also demonstrates the good agreement 
between the theoretical predictions of the present study and 
the experimental data from Sewall and Naumann [63]. 
While the trend in both data sets follows a similar pattern, 
there are some small deviations, particularly at higher wave 

numbers (greater than 10 circumferential waves), where the 
experimental data slightly diverge from the theoretical curve. 
Overall, the graph highlights the effectiveness of the theoret-
ical model in predicting the natural frequencies of the shell, 
while also validating the experimental data as a reference 
benchmark, showcasing the relationship between circumfer-
ential waves and the shell’s dynamic response.

4.2. Parametric results

Figure 5 presents the influence of nanoclay reinforcement 
on the dynamic behavior of a concrete cylindrical shell, par-
ticularly focusing on the changes in the relative frequency as 
a function of dimensionless applied pressure for various 
boundary conditions and geometric ratios. The three 

Figure 3. A simple Python code of the mentioned algorithm.
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subplots, each representing different boundary conditions— 
Simply-Simply, Clamped-Clamped, and Clamped-Free show 
the relative frequency change as a function of P�=P0: The 
relative frequency change is expressed as ðxn − xwÞ=xw, 
where xn represents the natural frequency of the structure 
with nanoclay reinforcement, and xw is the natural fre-
quency without nanoclay. In all plots, the relative frequency 

change increases with increasing dimensionless pressure 
P�=P0, but the rate of increase and the magnitude of this 
change depend on the boundary conditions and the 
reinforcement ratios, denoted by R=h ¼ 30, 35, and 40, 
which represent the ratios of the radius to the thickness of 
the cylindrical shell. For the Simply-Simply boundary condi-
tion (top left), the relative frequency change is gradual for 
lower P�=P0 values but rises steeply beyond P�=P0 > 0:6, 
with the R=h ¼ 40 showing the most significant increase. 
This behavior indicates that as the shell experiences higher 
pressure, the nanoclay reinforcement more significantly 
influences the dynamic response, especially for thinner shells 
(larger R=h). In the Clamped-Clamped condition (top right), 
the increase in relative frequency change is less pronounced, 
particularly for R=h ¼ 30, suggesting that clamped edges 
restrict the shell’s deformation, limiting the effect of 
reinforcement. For Clamped-Free (bottom), the frequency 
change is generally higher compared to the clamped condi-
tions. The Clamped-Free configuration, in particular, shows 
the largest frequency changes for all R=h values, demonstrat-
ing the significant impact of boundary flexibility on the 
effectiveness of nanoclay reinforcement. Overall, the figure 
illustrates that nanoclay reinforcement leads to a substantial 
improvement in the dynamic performance of the shell, par-
ticularly under higher pressures and in boundary conditions 
that allow greater deformation. The effect is more pro-
nounced in shells with larger R=h values.

Figure 4. Comparison of the natural frequencies of cylindrical shell.

Figure 5. The influence of nanoclay reinforcement on the dynamic behavior of a concrete cylindrical shell, particularly focusing on the changes in the relative fre-
quency as a function of dimensionless applied pressure for various boundary conditions and geometric ratios.
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Figure 6 illustrates the variation of relative frequency 
change as a function of the dimensionless applied pressure 
for different values of the dimensionless Pasternak founda-
tion coefficient. The three curves represent the system’s 
behavior for K�P ¼ 0 (blue solid line), K�P ¼ 1 (red dotted 
line), and K�P ¼ 2 (black dashed line). These values corres-
pond to different levels of support provided by the elastic 
foundation modeled by the Pasternak parameter, which 
characterizes shear interactions in the foundation. The graph 
reveals a complex relationship between the relative fre-
quency change and the applied pressure. Initially, for lower 
values of P�=P0, the relative frequency change remains rela-
tively constant across all K�P values, indicating that the effect 
of the Pasternak foundation on the natural frequency is neg-
ligible under low pressure. However, as the dimensionless 
pressure increases, distinct peaks emerge, signifying the 
occurrence of critical pressures where the system experiences 
abrupt changes in dynamic behavior. These critical pres-
sures, marked by sharp increases in the relative frequency 
change, are highlighted in the figure with annotations. The 
blue curve for K�P ¼ 0 shows a significant spike at around 
P�=P0 ¼ 1:5, while the red and black curves for K�P ¼ 1 and 
K�P ¼ 2 exhibit peaks at higher pressure values, around 
P�=P0 ¼ 2 and P�=P0 ¼ 2:5, respectively. The presence of 
the foundation, particularly at higher K�P values, delays the 
onset of critical pressure, indicating that the foundation pro-
vides additional stability to the system. In conclusion, the 
figure demonstrates that the Pasternak foundation has a sta-
bilizing effect on the cylindrical shell, increasing its resist-
ance to dynamic instability at higher applied pressures. 
However, the system becomes highly sensitive at specific 
critical pressure points, where the relative frequency changes 
dramatically.

Figure 7 presents a relationship between the relative fre-
quency change and the dimensionless applied pressure, con-
sidering various values of the dimensionless Winkler 
coefficient. The analysis is performed on a concrete cylin-
drical shell, reinforced by nanoclay, which serves as a critical 
component in bridge construction. The three distinct curves 

in the plot correspond to different values of the Winkler 
coefficient: K�W ¼ 0 (solid blue line), K�W ¼ 1 (dotted red 
line), and K�W ¼ 2 (dashed black line). These curves show 
how the relative frequency change increases as the dimen-
sionless applied pressure rises, indicating a nonlinear trend 
where the effect of increasing pressure on the relative fre-
quency becomes more pronounced, especially for higher val-
ues of K�W : The relative frequency change quantifies how the 
inclusion of nanoclay reinforcement (i.e., xn affects the 
natural frequency of the shell compared to the case without 
nanoclay xw: The results suggest that the higher the applied 
pressure and Winkler foundation stiffness, the larger the fre-
quency change due to nanoclay reinforcement. For K�W ¼ 0, 
where there is no Winkler foundation effect, the relative fre-
quency change is highest, while for K�W ¼ 2, it is lowest, 
suggesting that an increase in foundation stiffness dampens 
the effect of nanoclay reinforcement. This analysis highlights 
the significant role of foundation stiffness and applied pres-
sure in tuning the vibrational behavior of nanoclay- 
reinforced cylindrical shells, which is crucial for designing 
durable and efficient structures like bridge components sub-
jected to varying mechanical loads.

Figure 8 illustrates the relationship between the relative 
frequency change and the dimensionless applied pressure, as 
influenced by different weight fractions of nanoclay 
reinforcement in a concrete cylindrical shell. The figure 
depicts three curves for varying nanoclay weight fractions: 
WNC ¼ 1% (solid blue line), WNC ¼ 2% (dotted red line), 
and WNC ¼ 3% (dashed black line). As observed in the 
figure, the relative frequency change increases with both 
the applied pressure and the nanoclay weight fraction. The 
higher the nanoclay content, the greater the impact on the 
natural frequency of the shell. For a nanoclay weight frac-
tion of WNC ¼ 1%, the relative frequency change is lowest, 
exhibiting a more gradual increase as pressure rises. In con-
trast, when the nanoclay weight fraction is raised to WNC ¼

3%, the relative frequency change becomes significantly 
higher, showing a steeper increase for the same range of 
applied pressure. This trend demonstrates that as the nano-
clay reinforcement content increases, the structural rigidity 

Figure 6. The variation of relative frequency change as a function of the 
dimensionless applied pressure for different values of the dimensionless 
Pasternak foundation coefficient.

Figure 7. A relationship between the relative frequency change and the dimen-
sionless applied pressure, considering various values of the dimensionless 
Winkler coefficient.
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and natural frequency of the shell improve, resulting in a 
more pronounced change in frequency under increasing 
pressure. The nonlinear behavior of the curves indicates that 
the influence of the applied pressure becomes stronger as 
nanoclay content grows, reflecting its stiffening effect on the 
material properties of the shell. This analysis is particularly 
relevant in the context of optimizing material reinforcement 
in bridge construction, where nanoclay reinforcement can 
be strategically used to enhance the vibrational performance 
of concrete cylindrical shells under varying load conditions.

Figure 9 displays the relationship between the relative fre-
quency change and the dimensionless Winkler coefficient, 
for different values of the dimensionless applied pressure. 
The plot includes three curves representing different applied 
pressures: P�=P0 ¼ 0 (solid blue line), P�=P0 ¼ 2 (dotted red 
line), and P�=P0 ¼ 4 (dashed black line). As seen in the 
graph, the relative frequency change decreases as the dimen-
sionless Winkler coefficient increases, regardless of the 
applied pressure. The relative frequency change is highest 
when K�W is small, indicating that the impact of nanoclay 
reinforcement on the natural frequency is most significant 

in systems with lower foundation stiffness. As K�W increases, 
the relative frequency change diminishes, converging toward 
a minimal value for higher Winkler coefficients. The effect 
of the applied pressure on the relative frequency change is 
also evident. For P�=P0 ¼ 0, the relative frequency change is 
lowest across all K�W values. As the pressure increases to 
P�=P0 ¼ 4, the relative frequency change becomes larger, 
indicating that higher applied pressure amplifies the fre-
quency shift due to nanoclay reinforcement. However, the 
rate of decrease with respect to K�W remains consistent 
across different pressures, suggesting that the influence of 
the Winkler foundation stiffening effect is dominant at 
higher K�W values. This figure highlights the interaction 
between foundation stiffness and applied pressure in deter-
mining the vibrational behavior of nanoclay-reinforced 
cylindrical shells. It underscores the fact that while applied 
pressure enhances the frequency change, the Winkler coeffi-
cient moderates this effect by stiffening the foundation, lead-
ing to a reduced relative frequency change as K�W grows.

Figure 10 illustrates the relative frequency change of a 
cylindrical shell reinforced with nanoclay as a function of 
the dimensionless Winkler coefficient, for different weight 
fractions of nanoclay reinforcement. Three curves are shown 
corresponding to different weight fractions of nanoclay: 1%, 
2%, and 3%, represented by the blue solid line, red dotted 
line, and black dashed line, respectively. The trend reveals 
that the relative frequency change decreases with increasing 
K�W for all nanoclay weight fractions. This behavior indicates 
that, as the Winkler foundation’s stiffness increases, the 
influence of the nanoclay reinforcement on the natural fre-
quency becomes less pronounced. At smaller values of K�W , 
the relative frequency change is more significant, especially 
for higher nanoclay content. For WNC ¼ 3%, the relative 
frequency change reaches approximately 0.7 for very small 
K�W , indicating a substantial increase in the natural fre-
quency due to nanoclay reinforcement. In contrast, for 
WNC ¼ 1%, the relative frequency change is lower, showing 
that the frequency enhancement is less prominent for 
smaller amounts of reinforcement. As K�W increases toward 
5, the relative frequency change approaches a plateau for all 

Figure 8. The relationship between the relative frequency change and the 
dimensionless applied pressure, as influenced by different weight fractions of 
nanoclay reinforcement in a concrete cylindrical shell.

Figure 9. The relationship between the relative frequency change and the 
dimensionless Winkler coefficient, for different values of the dimensionless 
applied pressure.

Figure 10. The relative frequency change of a cylindrical shell reinforced with 
nanoclay as a function of the dimensionless Winkler coefficient, for different 
weight fractions of nanoclay reinforcement.
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curves, suggesting that further increases in foundation stiff-
ness provide diminishing returns in terms of frequency 
enhancement from nanoclay reinforcement. The figure thus 
highlights the combined effects of nanoclay reinforcement 
and foundation stiffness on the dynamic response of cylin-
drical shells in bridge construction.

Figure 11 shows the relative frequency change of a cylin-
drical shell reinforced with nanoclay under different values 
of the dimensionless Pasternak coefficient, as a function of 
the dimensionless Winkler coefficient. Three curves repre-
sent different values of the Pasternak coefficient: K�P ¼ 0, 
K�P ¼ 1, and K�P ¼ 2, corresponding to the blue solid line, 
red dotted line, and black dashed line, respectively. The 
graph demonstrates how both the Pasternak and Winkler 
foundation coefficients influence the dynamic behavior of 
the shell structure. The general trend across all three curves 
is a reduction in the relative frequency change as the dimen-
sionless Winkler coefficient, K�W , increases. This decrease 
indicates that, as the Winkler foundation’s stiffness increases, 
the relative impact of the nanoclay reinforcement on the natu-
ral frequency diminishes. For K�P ¼ 0, the relative frequency 
change is highest, peaking at around 0.09 for small K�W : As 
the Pasternak coefficient increases to K�P ¼ 1 and K�P ¼ 2, the 
relative frequency change decreases, showing that the 
Pasternak foundation adds additional stiffness to the system, 
reducing the frequency change induced by the nanoclay 
reinforcement. At large values of K�W , the curves approach a 
steady state, indicating a negligible influence of the Winkler 
coefficient as both K�W andnK�P increase. Overall, this figure 
emphasizes the interplay between the Winkler and Pasternak 
foundation parameters and the effectiveness of nanoclay 
reinforcement in modifying the shell’s natural frequency.

Figure 12 presents the relationship between the relative fre-
quency change of a concrete cylindrical shell, reinforced with 
nanoclay, and the ratio of the shell’s radius to its thickness. The 
relative frequency change is a measure of how sensitive the 
natural frequency of the shell is to the presence of nanoclay 
reinforcement. The plot displays three different cases based on 
the dimensionless applied pressure ratio, which is a critical par-
ameter in analyzing the structural response of the shell under 

varying pressure conditions. The blue solid line represents the 
scenario where P�=P0 ¼ 0, indicating no applied external pres-
sure. The red dotted line corresponds to P�=P0 ¼ 0:1, while 
the black dashed line corresponds to P�=P0 ¼ 0:2: These lines 
illustrate that as the dimensionless applied pressure increases, 
the relative frequency change also increases, showing that the 
frequency becomes more sensitive to the presence of nanoclay 
under higher pressures. The x-axis of the graph represents the 
ratio R=h, which ranges from 20 to 50. As this ratio increases, 
indicating a thinner shell relative to its radius, the relative fre-
quency change increases nonlinearly for all three pressure con-
ditions. This nonlinear trend suggests that shells with a higher 
R=h ratio are more influenced by nanoclay reinforcement, par-
ticularly under higher applied pressures. The figure thus high-
lights the importance of considering both the dimensionless 
applied pressure and the R=h ratio when evaluating the sensitiv-
ity of a nanoclay-reinforced concrete cylindrical shell, as these 
factors significantly impact the structural performance and fre-
quency behavior.

Figure 13 illustrates the relationship between the relative 
frequency change of a concrete cylindrical shell reinforced 

Figure 11. The relative frequency change of a cylindrical shell reinforced with 
nanoclay under different values of the dimensionless Pasternak coefficient, as a 
function of the dimensionless Winkler coefficient.

Figure 12. The relationship between the relative frequency change of a con-
crete cylindrical shell, reinforced with nanoclay, and the ratio of the shell’s 
radius to its thickness.

Figure 13. The relationship between the relative frequency change of a con-
crete cylindrical shell reinforced with nanoclay and the ratio of the shell’s radius 
to its thickness.
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with nanoclay and the ratio of the shell’s radius to its thick-
ness. The focus of this graph is on how different weight 
fractions of nanoclay reinforcement WNC affect the fre-
quency sensitivity of the shell structure. The x-axis repre-
sents the R=h ratio, varying from 20 to 50, while the y-axis 
shows the relative frequency change. Three distinct lines 
represent different weight fractions of nanoclay. The blue 
solid line corresponds to WNC ¼ 1%: The red dotted line 
corresponds to WNC ¼ 2%: The black dashed line corre-
sponds to WNC ¼ 3%: As the R=h ratio increases, the rela-
tive frequency change increases for all three cases. This 
trend indicates that as the shell becomes thinner relative to 
its radius, it becomes more sensitive to the reinforcement 
provided by the nanoclay. The degree of sensitivity is higher 
for larger weight fractions of nanoclay, as evident from the 
steeper curves for WNC ¼ 3% and WNC ¼ 2%, compared to 
WNC ¼ 1%: This graph suggests that increasing the nanoclay 
content enhances the stiffness and consequently the fre-
quency of the shell, particularly as the shell becomes thinner 
(higher R=h: The nonlinear increase in the relative fre-
quency change with both the R=h ratio and WNC highlights 
the critical role of nanoclay reinforcement in influencing the 
dynamic behavior of the cylindrical shell structure. Thus, 
higher nanoclay content leads to greater improvements in 
the shell’s frequency response, making it more resilient 
under dynamic loading conditions.

Figure 14 is a three-dimensional surface plot that illus-
trates the relationship between the relative frequency change 
of a concrete cylindrical shell reinforced with nanoclay and 
two key dimensionless parameters: Pasternak coefficient and 
applied pressure. The x-axis represents the dimensionless 
Pasternak coefficient, which is related to the shear inter-
action in the foundation. The y-axis represents the dimen-
sionless applied pressure, which is a measure of the external 
pressure applied to the shell relative to a reference pressure. 
The z-axis represents the relative frequency change, which 
indicates the sensitivity of the shell’s natural frequency to 
these two parameters. The surface plot shows that the rela-
tive frequency change is affected by both K�P and P�=P0: For 
lower values of P�=P0 and K�P , the relative frequency change 
remains relatively small, indicating that the shell’s frequency 

is less sensitive to the nanoclay reinforcement under these 
conditions. However, as either P�=P0 or K�P increases, the 
relative frequency change becomes more pronounced, par-
ticularly when both parameters are near their higher values. 
The surface has a curved shape, indicating a nonlinear rela-
tionship between these variables. The increase in relative fre-
quency change is more significant when both K�P and P�=P0 
are large, suggesting that the combined effect of higher shear 
interaction in the foundation and higher applied pressure 
amplifies the sensitivity of the shell’s frequency to the nano-
clay reinforcement. This figure emphasizes the importance 
of considering both the foundation’s shear characteristics 
and the applied pressure when analyzing the dynamic 
behavior of nanoclay-reinforced concrete cylindrical shells. 
These factors interact in a complex way to influence the 
structural performance, with significant implications for the 
design and analysis of such systems in engineering 
applications.

The link between the relative frequency change of a con-
crete cylindrical shell reinforced with nanoclay and two 
important dimensionless parameters—the Winkler coeffi-
cient and the applied pressure—is shown in Figure 15, a 
three-dimensional surface plot. The dimensionless Winkler 
coefficient, associated with the shear interaction in the foun-
dation, is shown by the x-axis. The dimensionless applied 
pressure, which is a measurement of the external pressure 
applied to the shell in relation to a reference pressure, is 
shown by the y-axis. The relative frequency change, shown 
by the z-axis, shows how sensitive the natural frequency of 
the shell is to these two factors. The surface plot indicates 
that both K�W and P�=P0 have an impact on the relative fre-
quency change. The relative frequency shift is still rather 
minor for lower levels of P�=P0 and K�W , suggesting that the 
shell’s frequency is less susceptible to the nanoclay reinforce-
ment in these circumstances. Nevertheless, the relative fre-
quency change intensifies with increasing P�=P0 or K�W , 
especially when both parameters are close to their higher 
values. The curved form of the surface suggests that there is 
a nonlinear connection between these factors. When both 
K�W and P�=P0 are large, the relative frequency change 
increases more significantly, indicating that the higher shear 

Figure 14. A three-dimensional surface plot that illustrates the relationship 
between the relative frequency change of a concrete cylindrical shell reinforced 
with nanoclay and two key dimensionless parameters.

Figure 15. The relative frequency change of a concrete cylindrical shell rein-
forced with nanoclay and two important dimensionless parameters (Winkler 
coefficient and the applied pressure).
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interaction in the foundation and the higher applied pres-
sure together enhance the sensitivity of the shell’s frequency 
to the nanoclay reinforcement. This image highlights how 
crucial it is to take into account the properties of the foun-
dation as well as the applied pressure when examining the 
dynamic behavior of cylindrical shells of nanoclay-reinforced 
concrete. The intricate interplay of these variables affects the 
structural performance and has important ramifications for 
the engineering applications’ design and analysis of such 
systems.

4.3. AI optimization algorithm results

The algorithm would now optimize over the resonance fre-
quency by adjusting parameters such as the material and 
geometric properties listed above. The objective function to 
minimize would be the difference between the predicted and 
target resonance frequencies.

Figure 16 illustrates the loss factor plotted against epochs 
for both the training and testing datasets in the context of 
an AI optimization algorithm. The loss factor typically rep-
resents the error or cost function that the optimization pro-
cess is trying to minimize. The blue curve corresponds to 
the training dataset, while the red curve represents the test-
ing dataset. Initially, both curves show a high loss factor, 
which rapidly decreases during the early epochs. This sug-
gests that the model is learning effectively, as both the train-
ing and testing errors are decreasing. The training curve 
exhibits a smoother decline, indicating stable learning, while 
the testing curve shows more fluctuations, which is expected 
due to the inherent variability in the testing set. As the 
number of epochs increases, the loss factor for the training 
dataset stabilizes at a lower value, signifying convergence of 
the learning process. The testing dataset also exhibits a grad-
ual decrease in loss factor but with persistent fluctuations. 
These fluctuations might indicate slight overfitting or the 
inherent noise in the testing dataset. The convergence of 
both curves toward lower values suggests that the 

optimization algorithm is effective, but the higher volatility 
in the testing curve warrants further investigation to ensure 
generalization without overfitting.

This section examines the effects of R2 and RMSE on the 
results shown in Tables 2 and 3. It has been noted that 
responses with higher RMSE and R2 values are more accur-
ate. It is thus recommended to use R2 ¼ 0. 9961, RMSE ¼
0.2891, and 4850 samples when selecting the findings. The 
findings of the mathematical modeling are also shown in 
mathematics results (MR).

Tables 2 and 3 show how the dimensionless deflection of 
the existing structure varies with WNC and P�=P0: Further 
details on this topic are provided in the section that follows.

5. Conclusion

In this study, the optimization and mathematical simulation 
of resonance frequency in nanoclay-reinforced concrete 
cylindrical shell structures, intended for bridge applications, 
were rigorously validated through nondestructive testing 
methods. The research demonstrated that incorporating 
nanoclay into the concrete mix significantly enhanced the 
material’s mechanical properties, including stiffness and dur-
ability, which are crucial for maintaining structural integrity 
and longevity in bridge components. Mathematical simula-
tions provided a comprehensive framework for predicting 
the resonance frequencies of the cylindrical shell structures, 
considering various factors such as material composition, 
geometric parameters, and load conditions. These simula-
tions were optimized to identify the best possible perform-
ance for the nanoclay-reinforced concrete structures, 
minimizing vibrational issues that could compromise safety 
and functionality. Nondestructive testing, including fre-
quency response analysis, were employed to validate the 
simulation results. The experimental data confirmed that the 
resonance frequencies of the test samples were consistent 
with the predicted values from the simulations. This valid-
ation emphasized the accuracy and reliability of the math-
ematical models used in the study. The research highlighted 

Figure 16. Loss factor against epoch for testing and training dataset for the 
mentioned AI optimization algorithm.

Table 2. DNN model’s dimensionless frequency for varying RMSE and a=b 
values.

P�=P0 MR

Predicted

RMSETrain ¼ 0:2359 RMSETrain ¼ 0:2591 RMSETrain ¼ 0:2891

0 1.45359 1.12257 1.38457 1.45543
0.1 1.22202 1.00133 1.12046 1.22201
0.2 0.82305 0.56226 0.71699 0.82396
0.3 0.52731 0.43799 0.491 0.52906
0.4 0.28737 0.18366 0.27506 0.28724

Table 3. The DNN model’s performance for dimensionless frequency for differ-
ent R2 and WGOP .

WNCðwt%Þ MR

Predicted

R2 ¼ 0.9362 R2 ¼ 0.9651 R2 ¼ 0.9961

0 0.71424 0.52877 0.66919 0.71587
1 1.02672 0.71699 0.87964 1.02556
2 1.11879 0.84126 1.04659 1.11866
3 1.63215 1.17622 1.39119 1.6333
4 1.95858 1.49819 1.86082 1.96003
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the effectiveness of combining mathematical simulations 
with experimental validation through NDT to optimize the 
performance of nanoclay-reinforced concrete structures in 
bridge applications. The successful alignment between simu-
lated and empirical results underscored the potential of this 
approach for designing more resilient and efficient bridge 
structures. The study suggested that such optimization tech-
niques and advanced materials could significantly enhance 
infrastructure performance and longevity. Looking forward, 
future research should focus on expanding the scope of sim-
ulations to include additional variables and real-world con-
ditions. This would further refine the design process and 
contribute to the development of more sustainable and dur-
able bridge infrastructure, building on the successful valid-
ation achieved in this study.
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