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Abstract.  Management of nonlinear wave propagation in graphene-reinforced solar cells is an important part of 
their performance improvement and reliability. In this paper, the authors examine the nonlinear phase velocity 
characteristics of graphene-reinforced composite materials in the case of micro-sized solar cell plates. They use a new 
deep neural network-genetic algorithm (DNN–GA) combination to check the nonlinear wave propagation results, 
thereby increasing the prediction’s accuracy and efficiency. The Halpin-Tsai model is used for determining the 
effective properties of graphene-reinforced composites, whereas the modified coupled stress theory (MCST) and 
sinusoidal shear deformation theory (SSDT) are combined to reflect the influence of microstructural behaviors on 
wave propagation. Modified pair stress theory (MPST) is also used to allow for the size-dependent and 
microstructural deformation effects of the composite material. The governing equations are obtained through 
Hamilton’s principle, and an analytical method is then used to find the solutions to these equations. The results reveal 
that graphene reinforcement has a significant effect on the phase velocity and that the proposed framework is very 
useful for accurately tracing the material’s nonlinear dynamical states. The research has pointed out the fact that it is 
critical to resort to effective management methods so that the nonlinear wave propagation can be controlled in order 
to sustain the micro-sized solar cells’ structural integrity and performance enhancement in real-life applications. Now, 
this framework has become a reliable instrument for designing and optimizing advanced graphene-reinforced 
composites, which are meant for the next generation of solar technologies. 
 

Keywords:  DNN–GA; graphene-reinforced composites; management; modified coupled stress theory; 

nonlinear wave propagation; solar cell optimization 

 
 
1. Introduction 
 

The role of solar cells in modern engineering is significant because they can supply clean and 

renewable energy [1,2]. The world is transitioning to sustainable methods, and the engineers’ 

efforts in developing solar power technologies with high efficiency are the main reason for the 
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reduction of fossil fuel consumption [3]. Besides, solar cells are the source of innovations in 

different sectors such as transportation, construction, and electronics [4]. Engineers who know 

solar cell technology can easily tackle global challenges like climate change and energy shortage 

[5]. Thus, knowledge of solar cells is becoming a must-have for engineers who are committed to 

the sustainability of the future [6]. 

The investigation of nonlinear guided wave propagation for solar cells stacked in multilayers is 

not just an academic exercise but a key method for monitoring the condition (SHM) and 

evaluating the structure without damage (NDE). In the case of aerospace applications, where the 

costs of maintenance are extremely high, the capacity to reveal very early damage, such as micro-

cracks, delamination between layers, or deterioration of properties due to fatigue, is most 

important. Nonlinear guided waves are extremely good at picking up such minor changes and 

faults inside the material, thus, the potential to perform in-situ assessments of the mechanical 

integrity of solar cells. The ability to understand their propagation characteristics is, therefore, a 

means to directly determine the reliability of the structure and the remaining life of the energy-

generating component, hence, making it possible to draw a direct connection between mechanical 

waves and the sustainability of performance in terms of the life of the solar cell. 

The efficiency and stability of silicon solar cells have made them unavoidable in the area of 

photovoltaics [7,8]. Silicon is the most preferred material for the fabrication of solar panels 

because of its high efficiency and low cost [9]. This element is also one of the most abundant 

minerals; thus, it guarantees that the supply for large-scale electricity generation to be large-scale 

is both sustainable and scalable [10]. The great production methods of silicon wafers that have 

been developed over the years lead to lower costs and a more uniform quality output [11]. The 

new technological developments with silicon cells, such as PERC (passivated emitter and rear cell) 

have been a major factor in their improvement in energy conversion effectiveness [12]. Also, their 

ability to adapt to different installation surroundings has opened up the areas of use for homes, 

businesses, and utility companies [13]. Silicon-based photovoltaics play a key role in the 

accomplishment of global renewable energy goals and the mitigation of greenhouse gas emissions 

[14]. The extensive use of silicon solar cells has also pushed forward the research of new materials 

and the tandem cell structures [15]. In conclusion, silicon solar cells are still the mainstay of solar 

energy technology and a driving force to a sustainable energy future [16]. 

The analysis of stability is a primary tool of the engineer’s trade, and it is a prerequisite for the 

safety and reliability assessment of any structure, system, or process [17]. These engineers are able 

to forecast the behavior of a system under various disturbances or changes in operating conditions  

[18]. Inaccurate stability analysis can lead to catastrophic failures, in forms of structural collapses 

or uncontrolled system behaviors, among others  [19]. By knowing the limits of stability, engineers 

can come up with designs that are able to cope with both normal and extreme conditions, thus 

securing the resources and materials required to carry out the stay effectively hence making the 

product more economical and environmentally friendly [20]. Stability analysis is indispensable 

across various engineering disciplines including civil, mechanical, electrical, and aerospace [21]. 

The engineer is provided with the means to meet the industry’s standards, regulations, and safety 

codes through stability analysis [22]. Potential design errors can be detected by engineers in the 

early stages of the development process through stability assessment [23]. These preventive 

measures not only save money on maintenance costs but also prolong the lifetime of engineering 

systems [24]. In the end, stability analysis remains a necessity in the quest for innovations, 

professional efficiency, and the building of public confidence in engineering tenets and projects 

[25]. 
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Across the board, machine learning is now a necessity that is primarily used to make accurate 

predictions in the fields of engineering, finance, and healthcare [26]. It can process huge data sets 

and do so with much better speed and efficiency compared to the traditional methods of statistics 

[27]. By being trained on past data, machine learning models are able to recognize the complex 

patterns and relationships that human analysts might not catch [28]. This forecasting ability allows 

for the early detection of trends, anomalies, or risks, which in turn, supports the organizations to 

make timely and efficient decisions [29]. The good thing about machine learning is that it can 

learn new things, hence, it gets better at making predictions over time as more data comes in [30]. 

And it does so effectively, without human involvement, thus, reducing errors, and bringing about 

higher productivity [31]. The engineering field, in particular, is one of the places where machine 

learning finds application in areas such as predictive maintenance, quality control, and design 

optimization [32].  

For the very first time, nonlinear wave propagation management in solar cells with graphene 

reinforcement is opened up to the exploitation of a powerful DNN-GA framework. The nonlinear 

phase velocity changingnon-the-fleeting-micro-plates-what-is-here-reinforced-with-graphene behavior, 

under various loading conditions, is verified by the innovative method. The Halpin-Tsai model is 

used to predict the properties of the composite material combination very effectively, while the 

modified coupled stress theory and sinusoidal shear deformation theory are integrated to properly 

reflect the influence of microstructural behavior on wave dynamics. The modified pair stress 

theory is applied to capture the size-dependent effects, and in turn, Hamilton’s principle is 

employed to derive the governing equations of motion. An analytical method is used to solve the 

governing equations, and the results indicate that the suggested framework has a considerable 

impact on the prediction accuracy of nonlinear wave propagation in composites based on 

graphene. The revelations imply that new strategies for the control of nonlinearity in wave 

lifetimes and the fine-tuning of solar cell plates for the best combination of mechanical 

performance and energy conversion efficiency have been discovered. This cutting-edge method is 

especially significant in the context of next-generation solar cells that are ultra-efficient and stylish 

where the interrelationship of the variables like material and wave dynamics being micromanaged 

is paramount to renewable energy technologies’ advancements. A comprehensive and trustworthy 

tool for graphene-imported solar cell innovation in the future is thus outlined by the research. 

 

 
2. Mathematical modeling 

 

Fig. 1 shows a cross-section of a solar cell that is made of several layers and has been 

reinforced with graphene, with the focus being on the arrangement of the materials in layers. The 

model presents the solar cell different layers’ construction, and each layer is identified by a 

specific label related to its physical characteristics and its function. The layer on the very top, 

having the label “top metal contact,” is the collection point for the electric current since it is the 

conductive surface. Underneath, the “anti-reflective coating” (ℎ7) is applied to reduce the light that 

is lost, thus, increasing the efficiency of the cell. The “transparent conductive oxide” (ℎ3) layer 

makes light penetration its priority, while at the same time, it is allowing the current to flow. The 

layers below consist of the “N-type silicon layer” (ℎ5), “intrinsic (i-layer) silicon” (ℎ4), and “P-

type silicon layer” (ℎ3), which contribute to the generation of the photovoltaic effect. These layers 

are necessary for the solar cell to function, with the intrinsic silicon layer being the most important 

middle layer for charge separation. The “back reflector” (ℎ2) increases the amount of light that is 
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Figure 1. A cross-section of a solar cell that is made of several layers and has been reinforced with graphene, 

with the focus being on the arrangement of the materials in layers 

 

 

absorbed by the solar cell through its reflection of light escaping from the other layers, thus, 

increasing the absorption rate. The “GPLRC” (ℎ1) layer, in turn, shows the graphene-reinforced 

composite material that strengthens the solar cell both mechanically and electrically, thus, making 

it less fragile and more efficient in controlling the nonlinear wave propagation. This arrangement 

is crucial for the analysis done with the DNN-GA framework, which makes it possible to assess 

the nonlinear wave propagation in the ecosystem of the graphene-reinforced solar cell, thereby, 

improving the performance and also the reliability of the device. 

 

2.1 Material properties 
 

The transverse dispersion of GPLs is simulated using three distinct patterns, as shown in Fig. 2. 

Using a modified version of the Halpin-Tsai correlation, the following formula was derived to find 

the GPLR nanocomposite material’s effective elastic modulus [33]: 

where 𝜉𝐿 = 2
𝐿𝐺𝑃𝐿

𝑡𝐺𝑃𝐿
,   𝜉𝑊 = 2

𝑔𝐺𝑃𝐿

𝑡𝐺𝑃𝐿
,    V𝐺𝑃𝐿

∗ =
𝑔𝐺𝑃𝐿

(
𝜌𝐺𝑃𝐿
𝜌𝑚

)(1−𝑔𝐺𝑃𝐿)+𝑔𝐺𝑃𝐿
,   𝜂𝑊 = −

1−(
𝐸𝐺𝑃𝐿
𝐸𝑚

)

𝜉𝑊+(
𝐸𝐺𝑃𝐿
𝐸𝑚

)
 , and 𝜂𝐿 =

(
𝐸𝐺𝑃𝐿
𝐸𝑚

)−1

(
𝐸𝐺𝑃𝐿
𝐸𝑚

)+𝜉𝐿
. The law of mixtures would be used to determine the composite plate’s effective mass 

density and Poisson’s ratio [34]: 

Although the definition of the effective shear modulus is [35] 

 
 

𝐸𝑐(ℨ) = −
3

8

1 + 𝜉𝐿𝜂𝐿𝑉𝐺𝑃𝐿
𝜂𝐿𝑉𝐺𝑃𝐿 − 1

× 𝐸𝑚 −
5

8

1 + 𝜉𝑊𝜂𝑊𝑉𝐺𝑃𝐿
𝜂𝑊𝑉𝐺𝑃𝐿 − 1

× 𝐸𝑚 (1) 

𝜌𝑐(ℨ) = 𝜌𝐺𝑃𝐿𝑉𝐺𝑃𝐿 + 𝜌𝑚(1 − 𝑉𝐺𝑃𝐿), 
𝜈𝑐(ℨ) = 𝜈𝐺𝑃𝐿𝑉𝐺𝑃𝐿 + 𝜈𝑚(1 − 𝑉𝐺𝑃𝐿). 

(2) 
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Table 1. The shape and material properties of the metal layer, as well as the GPL-reinforced nanocomposite 

(effective properties) 

Source Symbol Value Unit 

GPL 

𝑣𝐺𝑃𝐿 0.186 − 

𝜌𝐺𝑃𝐿 1.06 × 103 𝑘𝑔/𝑚3 

𝐸𝐺𝑃𝐿  1.01 × 109 𝑃𝑎 

𝑙𝐺𝑃𝐿 2.5 × 10−6 𝑚 

𝑤𝐺𝑃𝐿  1.5 × 10−6 𝑚 

𝑡𝐺𝑃𝐿 1.5 × 10−9 𝑚 

Aluminum epoxy  

(matrix) 

𝑣𝑚 0.35 − 

𝜌𝑚 2601 𝑘𝑔/𝑚3 

𝐸𝑚 70 × 109 𝑃𝑎 

 

 

The analytical expressions of these patterns are as follows 

where ℨ =
(𝑘−1)ℎ1

𝑁𝐿−1
−
ℎ

2
, 𝑘 = 1,… ,𝑁𝐿. 

The properties of the materials utilized are listed in Table 1. The homogenized property of the 

GPL-reinforced aluminum epoxy nanocomposite layer is represented by the effective elastic 

modulus shown in Table 1, which was computed using the Halpin-Tsai model in Eq. (1) and is 

compatible with the scale and filler content used in this investigation [33, 34]. This is not the same 

as pure graphene’s intrinsic modulus, which is usually about 1 TPa. 

An overview of the properties of the materials used to make the modern, improved silicon solar 

cells is also given in Table 2. 

 

2.2 Kinematic relations 
 

In this paper, the micro-sized plate under study is assumed. Fig. 1 shows that the lattice plate 

has dimensions of ℎ for thickness and 𝑎, and 𝑏 for length and width. In this study, the improved 

silicon solar cell is mechanically analyzed utilizing sinusoidal shear deformation theory and 

modified couple stress theory. The displacement components of the specified improved silicon 

solar cell may be described as follows using the sinusoidal shear deformation theory (SSDT): 

 

𝐺𝑐(ℨ) =
𝐸𝑐(ℨ)

2(1 + 𝜈𝑐(ℨ))
 (3) 

GPL-X:  𝑉𝐺𝑃𝐿 = 4𝑉𝐺𝑃𝐿
∗

|ℨ +
ℎ
2
−
ℎ1
2 |

ℎ1
, 

GPL-O:  𝑉𝐺𝑃𝐿 = 2𝑉𝐺𝑃𝐿
∗ (1 − 2

|ℨ +
ℎ
2
−
ℎ1
2 |

ℎ1
) , 

 GPL-UD:  𝑉𝐺𝑃𝐿 = 𝑉𝐺𝑃𝐿
∗ . 

(4) 

27



 

 

 

 

 

 

S. I. Mohammad et al. 

Table 2. An inventory of the characteristics of the components used to create the more sophisticated, modern 

silicon solar cells [36] 

Layer Material ℎ 𝐸 𝜌 𝜈 

1 GPLRC 50 [µ𝑚] 𝐸𝑐 𝜌𝑐 𝜈𝑐 

2 Back Reflector 350 [𝑛𝑚] 69 [𝐺𝑃𝑎] 2700 0.33 

3 P-type Silicon Layer 5 [µ𝑚] 75 [𝐺𝑃𝑎] 2330 0.3 

4 Intrinsic (i-layer) Silicon 250 [𝑛𝑚] 75 [𝐺𝑃𝑎] 2330 0.3 

5 N-type Silicon Layer 35 [𝑛𝑚] 75 [𝐺𝑃𝑎] 2330 0.3 

6 
Transparent Conductive 

Oxide 
200 [𝑛𝑚] 120 [𝐺𝑃𝑎] 7140 0.25 

7 Anti-Reflective Coating 70 [𝑛𝑚] 200 [𝐺𝑃𝑎] 3170 0.28 

8 Top Metal Contact 150 [𝑛𝑚] 83 [𝐺𝑃𝑎] 10490 0.37 

 

 

where 𝔳, and 𝔴 are the 𝔛-, 𝔜-, and ℨ-components of the displacement vector, and 𝔖𝔛 and 𝔖𝔜 are 

the angles of rotation of the cross sections around the y and x axes at any point on the microplate’s 

mid-plane, respectively. Furthermore, the microplate’s mid-plane displacements in the 𝔛-, 𝔜-, and 

ℨ -axes are denoted by 𝔲0 , 𝔳0  and 𝔴0 . According to the introduced displacement, the strain 

components are shown as [37]. 

The constitutive relations [37] of the silicon solar cell is 

𝔲(𝔛,𝔜, ℨ, 𝔗) = 𝔲0(𝔛, 𝔜, 𝔗) − ℨ
𝜕𝔴0(𝔛,𝔜,𝔗)

𝜕𝔛
+
ℎ

𝜋
𝑠𝑖𝑛(

𝜋ℨ

ℎ
) (

𝜕𝔴0(𝔛,𝔜,𝔗)

𝜕𝔛
−𝔖𝔛(𝔛, 𝔜, 𝔗)), (5a) 

𝔳(𝔛, 𝔜, ℨ, 𝔗) = 𝔳0(𝔛,𝔜, 𝔗) − ℨ
𝜕𝔴0(𝔛,𝔜,𝔗)

𝜕𝔜
+
ℎ

𝜋
𝑠𝑖𝑛(

𝜋ℨ

ℎ
) (

𝜕𝔴0(𝔛,𝔜,𝔗)

𝜕𝔜
−𝔖𝔜(𝔛,𝔜, 𝔗)), (5b) 

𝔴(𝔛,𝔜, ℨ, 𝔗) = 𝔴0(𝔛,𝔜, 𝔗). (5c) 

𝔈𝔛𝔛 =
𝜕𝔲(𝔛,𝔜,ℨ,𝔗)

𝜕𝔛
+
1

2
(
𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔛
)
2
, (6a) 

𝔈𝔜𝔜 =
𝜕𝔳(𝔛,𝔜,ℨ,𝔗)

𝜕𝔜
+
1

2
(
𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔜
)
2
, (6b) 

𝔈𝔛𝔜 =
1

2

𝜕

𝜕𝔛
𝔳(𝔛, 𝔜, ℨ, 𝔗) +

1

2

𝜕

𝜕𝔜
𝔲(𝔛,𝔜, ℨ, 𝔗) +

1

2

𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔛

𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔜
, (6c) 

𝔈𝔛ℨ =
1

2
(
𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔛
+
𝜕𝔲(𝔛,𝔜,ℨ,𝔗)

𝜕ℨ
), (6d) 

𝔈𝔜ℨ =
1

2
(
𝜕𝔴(𝔛,𝔜,ℨ,𝔗)

𝜕𝔜
+
𝜕𝔳(𝔛,𝔜,ℨ,𝔗)

𝜕ℨ
). (6e) 

{
 
 

 
 
𝕋𝔛𝔛
𝕋𝔜𝔜
𝕋𝔜ℨ
𝕋𝔛ℨ
𝕋𝔛𝔜}

 
 

 
 

=

{
 
 

 
 
𝔰11 𝔰12 0 0 0
𝔰21 𝔰22 0 0 0
0 0 𝔰44 0 0
0 0 0 𝔰55 0
0 0 0 0 𝔰66}

 
 

 
 

{
 
 

 
 
𝔈𝔛𝔛
𝔈𝔜𝔜
2𝔈𝔜ℨ
2𝔈𝔛ℨ
2𝔈𝔛𝔜}

 
 

 
 

. (7) 
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where 𝔰𝑖𝑗 is the silicon solar cell’s stiffness coefficient, 𝕋𝔛𝔛 and 𝕋𝔜𝔜 are the normal stress factors, 

𝕋𝔜ℨ, 𝕋𝔛ℨ and 𝕋𝔛𝔜 are the shear stress factors, and there are 

  
 
3. Modified couple stress formulation 

 

The modified pair stress theory is introduced by adding the extra term to the classical strain 

energy. The strain energy of the plate is defined as follows using the modified couple stress theory 

[38]: 

where: 

where the permutation symbol is 𝑒𝑖𝑗𝑘. Additionally, the non-classical stress term (𝔪𝑖𝑗) is given as: 

where 𝑙 is the additional material length scale parameter crucial to the rotation gradient and 𝜇 is 

the shear modulus. Consequently: 

Eq. (9), which also entails performing mathematical operations and the starting variation of the 

kinetic energy and the variation of the strain energy, provides the set of governing equations of 

motion. where 𝐴  represents the plate’s area. The components that arise from applying 𝑑ℨ  on 

𝕋𝑖𝑗  and 𝔪𝑖𝑗 are defined as follows: 

𝔰11 =
𝐸𝑖 

1−𝜈𝑖
2, 𝔰12 = 𝔰21 =

𝜈𝑖𝐸𝑖 

1−𝜈𝑖
2, 𝔰22 =

𝐸𝑖 

1−𝜈𝑖
2, (8a) 

𝔰66 =
𝐸𝑖

2(1+𝜈𝑖)
, 𝔰44 =

𝐸𝑖 

2(1+𝜈𝑖)
, 𝔰55 =

𝐸𝑖 

2(1+𝜈𝑖)
, 𝑖 = 1,… ,8. (8b) 

𝑈 = ∫
𝑉

{(𝕋𝔛𝔛𝔈𝔛𝔛 +𝕋𝔜𝔜𝔈𝔜𝔜 + 2𝕋𝔛ℨ𝔈𝔛ℨ + 2𝕋𝔛𝔜𝔈𝔛𝔜 + 2𝕋𝔜ℨ𝔈𝔜ℨ)

+ (𝔪𝔛𝔛𝔡𝔛𝔛 +𝔪𝔜𝔜𝔡𝔜𝔜 +𝔪ℨℨ𝔡ℨℨ + 2𝔪𝔛𝔜𝔡𝔛𝔜 + 2𝔪𝔜ℨ𝔡𝔜ℨ + 2𝔪𝔛ℨ𝔡𝔛ℨ)}𝑑𝑉 
(9) 

𝔡𝑖𝑗 =
1

2
(𝜃𝑖,𝑗 + 𝜃𝑗,𝑖), (10a) 

𝜃𝑖 =
1

2
𝑒𝑖𝑗𝑘𝔲𝑘,𝑗. (10b) 

𝔪𝑖𝑗 = 2𝜇𝑙
2𝔡𝑖𝑗, (11) 

𝜇 =
𝐸𝑖

2(1+𝜈𝑖)
, (12) 

∫ 𝑑ℨ

ℎ
2

−
ℎ
2

= ∫ 𝑑ℨ
−
ℎ
2
+ℎ1

−
ℎ
2

+∫ 𝑑ℨ
−
ℎ
2
+ℎ1+ℎ2

−
ℎ
2
+ℎ1

+∫ 𝑑ℨ
−ℎ4

−ℎ3−ℎ4

+∫ 𝑑ℨ
0

−ℎ4

+∫ 𝑑ℨ
ℎ5

0

+ +∫ 𝑑ℨ
ℎ5+ℎ6

ℎ5

+∫ 𝑑ℨ
ℎ5+ℎ6+ℎ7

ℎ5+ℎ6

+∫ 𝑑ℨ

ℎ
2

ℎ
2
−ℎ8

 

(13a) 

{𝕠𝑖𝑗 , 𝕡𝑖𝑗 , 𝕢𝑖𝑗 , 𝕢𝑖𝑗
∗ , 𝕣𝑖𝑗} = ∫ (1, ℨ,

ℎ

𝜋
𝑠𝑖𝑛 (

𝜋ℨ

ℎ
) ,

𝜋

ℎ
𝑠𝑖𝑛 (

𝜋ℨ

ℎ
) , 𝑐𝑜𝑠 (

𝜋ℨ

ℎ
))

ℎ

2

−
ℎ

2

𝕋𝑖𝑗𝑑ℨ, (13b) 
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The strain energy has the following final variation form when the subsequent components from 

Eqs. (13b-c) are substituted: 

where 𝑈1  and 𝑈2  represent the classical and non-classical components of the strain energy, 

respectively. The variability in kinetic energy is expressed as follows: 

And the following is the definition of the integration constants: 

Additionally, the Winkler-Pasternak Foundation’s efforts might be described as 

{𝕤𝑖𝑗 , 𝕥𝑖𝑗 , 𝕥𝑖𝑗
∗ , 𝕦𝑖𝑗} = ∫ (1,

ℎ

𝜋
𝑠𝑖𝑛 (

𝜋ℨ

ℎ
) ,

𝜋

ℎ
𝑠𝑖𝑛 (

𝜋ℨ

ℎ
) , 𝑐𝑜𝑠 (

𝜋ℨ

ℎ
))

ℎ

2

−
ℎ

2

𝔪𝑖𝑗𝑑ℨ. (13c) 

𝛿𝑈 = 𝛿𝑈1 + 𝛿𝑈2 = ∬ {((−
𝜕𝕠𝔛𝔛

𝜕𝔛
−
𝜕𝕠𝔛𝔜

𝜕𝔜
) 𝛿𝔲 + (−

𝜕𝕠𝔛𝔜

𝜕𝔛
−
𝜕𝕠𝔜𝔜

𝜕𝔜
) 𝛿𝔳 + (−

𝜕2𝕡𝔛𝔛

𝜕𝔛2
+
𝜕2𝕢𝔛𝔛

𝜕𝔛2
−

2
𝜕2𝕡𝔛𝔜

𝜕𝔜𝜕𝔛
+ 2

𝜕2𝕢𝔛𝔜

𝜕𝔜𝜕𝔛
−
𝜕𝕣𝔛ℨ

𝜕𝔛
−
𝜕2𝕡𝔜𝔜

𝜕𝔜2
+
𝜕2𝕢𝔜𝔜

𝜕𝔜2
−
𝜕𝕣𝔜ℨ

𝜕𝔜
+

𝜕

𝜕𝔛
(𝕠𝔛𝔛

𝜕𝔴

𝜕𝔛
) +

𝜕

𝜕𝔜
(𝕠𝔜𝔜

𝜕𝔴

𝜕𝔜
) +

𝜕

𝜕𝔜
(𝕠𝔛𝔜

𝜕𝔴

𝜕𝔛
) +

𝜕

𝜕𝔛
(𝕠𝔛𝔜

𝜕𝔴

𝜕𝔜
))𝛿𝔴 + (

𝜕𝕢𝔛𝔛

𝜕𝔛
+
𝜕𝕢𝔛𝔜

𝜕𝔜
− 𝕣𝔛ℨ)𝛿𝔖𝔛 + (

𝜕𝕢𝔛𝔜

𝜕𝔛
+
𝜕𝕢𝔜𝔜

𝜕𝔜
− 𝕣𝔜ℨ) 𝛿𝔖𝔜) +

((−
𝜕2𝕤𝔜ℨ

2𝜕𝔜2
−

𝜕2𝕤𝔛ℨ

2𝜕𝔜𝜕𝔛
) 𝛿𝔲 + (

𝜕2𝕤𝔜ℨ

2𝜕𝔜𝜕𝔛
+
𝜕2𝕤𝔛ℨ

2𝜕𝔛2
) 𝛿𝔳 + (−

1

2

𝜕𝕥𝔛ℨ
∗

𝜕𝔜
+
1

2

𝜕𝕥𝔜ℨ
∗

𝜕𝔛
−
𝜕2𝕤𝔜𝔜

𝜕𝔜𝜕𝔛
+
𝜕2𝕤𝔛𝔜

𝜕𝔜2
+

𝜕2𝕤𝔛𝔛

𝜕𝔜𝜕𝔛
−
𝜕2𝕤𝔛𝔜

𝜕𝔛2
+

𝜕2𝕦𝔜𝔜

2𝜕𝔜𝜕𝔛
−
𝜕2𝕦𝔛𝔜

2𝜕𝔜2
+
𝜕2𝕦𝔛𝔜

2𝜕𝔛2
−

𝜕2𝕦𝔛𝔛

2𝜕𝔜𝜕𝔛
) 𝛿𝔴 + (

1

2

𝜕2𝕥𝔛ℨ

𝜕𝔜𝜕𝔛
+
𝜕𝕦𝔜𝔜

2𝜕𝔜
+
𝜕𝕦𝔛𝔜

2𝜕𝔛
−
𝜕𝕦ℨℨ

2𝜕𝔜
+

𝕥𝔜ℨ
∗

2
+
1

2

𝜕2𝕥𝔜ℨ

𝜕𝔜2
) 𝛿𝔖𝔛 + (−

1

2

𝜕2𝕥𝔛ℨ

𝜕𝔛2
−
𝕥𝔛ℨ
∗

2
−
1

2

𝜕2𝕥𝔜ℨ

𝜕𝔜𝜕𝔛
−
𝜕𝕦𝔛𝔛

2𝜕𝔛
−
𝜕𝕦𝔛𝔜

2𝜕𝔜
+
𝜕𝕦ℨℨ

2𝜕𝔛
) 𝛿𝔖𝔜)}𝑑𝐴, 

(14) 

𝜇 =
𝐸𝑖

2(1+𝜈𝑖)
,𝛿𝑇 = ∬ {(−𝔎0

𝜕2𝔲

𝜕𝔗2
+ 𝔎1

𝜕3𝔴

𝜕𝔛𝜕𝔗2
− 𝔎3

𝜕3𝔴

𝜕𝔛𝜕𝔗2
+ 𝔎3

𝜕2𝔖𝔛

𝜕𝔗2
) 𝛿𝔲 + (−𝔎0

𝜕2𝔳

𝜕𝔗2
+

𝔎1
𝜕3𝔴

𝜕𝔜𝜕𝔗2
− 𝔎3

𝜕3𝔴

𝜕𝔜𝜕𝔗2
+ 𝔎3

𝜕2

𝜕𝔗2
𝔖𝔜) 𝛿𝔳 + (−𝔎1

𝜕3𝔲

𝜕𝔛𝜕𝔗2
+ 𝔎3

𝜕3𝔲

𝜕𝔛𝜕𝔗2
+ 𝔎2

𝜕4𝔴

𝜕𝔛2𝜕𝔗2
−

2𝔎5
𝜕4𝔴

𝜕𝔛2𝜕𝔗2
+𝔎5

𝜕3𝔖𝔛

𝜕𝔛𝜕𝔗2
+𝔎4

𝜕4𝔴

𝜕𝔛2𝜕𝔗2
− 𝔎4

𝜕3𝔖𝔛

𝜕𝔛𝜕𝔗2
− 𝔎1

𝜕3𝔳

𝜕𝔜𝜕𝔗2
+ 𝔎3

𝜕3𝔳

𝜕𝔜𝜕𝔗2
+ 𝔎2

𝜕4𝔴

𝜕𝔜2𝜕𝔗2
−

2𝔎5
𝜕4𝔴

𝜕𝔜2𝜕𝔗2
+𝔎5

𝜕3𝔖𝔜

𝜕𝔜𝜕𝔗2
+ 𝔎4

𝜕4𝔴

𝜕𝔜2𝜕𝔗2
− 𝔎4

𝜕3𝔖𝔜

𝜕𝔜𝜕𝔗2
− 𝔎0

𝜕2𝔴

𝜕𝔗2
) 𝛿𝔴 + (𝔎3

𝜕2𝔲

𝜕𝔗2
− 𝔎5

𝜕3𝔴

𝜕𝔛𝜕𝔗2
+

𝔎4
𝜕3𝔴

𝜕𝔛𝜕𝔗2
− 𝔎4

𝜕2𝔖𝔛

𝜕𝔗2
) 𝛿𝔖𝔛 + (𝔎3

𝜕2𝔳

𝜕𝔗2
− 𝔎5

𝜕3𝔴

𝜕𝔜𝜕𝔗2
+ 𝔎4

𝜕3𝔴

𝜕𝔜𝜕𝔗2
− 𝔎4

𝜕2𝔖𝔜

𝜕𝔗2
) 𝛿𝔖𝔜} 𝑑𝐴 

(15) 

∫ 𝑑ℨ
ℎ

2

−
ℎ

2

= ∫ 𝑑ℨ
−
ℎ

2
+ℎ1

−
ℎ

2

+ ∫ 𝑑ℨ
−
ℎ

2
+ℎ1+ℎ2

−
ℎ

2
+ℎ1

+ ∫ 𝑑ℨ
−ℎ4
−ℎ3−ℎ4

+ ∫ 𝑑ℨ
0

−ℎ4
+ ∫ 𝑑ℨ

ℎ5
0

++∫ 𝑑ℨ
ℎ5+ℎ6
ℎ5

+

∫ 𝑑ℨ
ℎ5+ℎ6+ℎ7
ℎ5+ℎ6

+ ∫ 𝑑ℨ
ℎ

2
ℎ

2
−ℎ8

. 

(16a) 

{𝔎0, 𝔎1, 𝔎2, 𝔎3, 𝔎4, 𝔎5} = ∫
ℎ

2

−
ℎ

2

𝜌 {1, ℨ, ℨ2,
ℎ

𝜋
𝑠𝑖𝑛(

𝜋ℨ

ℎ
),
ℎ2

𝜋2
𝑠𝑖𝑛2(

𝜋ℨ

ℎ
),
ℎℨ

𝜋
𝑠𝑖𝑛(

𝜋ℨ

ℎ
)} 𝑑ℨ, (16b) 

𝛿𝑊 = ∬ {−𝐾𝑤𝔴+ 𝐾𝑝 (
𝜕2𝔴

𝜕𝔛2
+
𝜕2𝔴

𝜕𝔜2
)}𝑑𝐴 (17) 
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Management of nonlinear waves in solar cells: Results verification through … 

Hamilton’s principle yields five equations of motion that control the issue, which are as 

follows: 

  

 
4. Solution method 

 

We make the following assumption: 

where 𝜔 denotes the wave frequency, 𝐾𝑋, and 𝐾𝑌 are specified to identify the wave numbers, and 

𝔲̅0 , 𝔳̅0 , 𝔴̅0 , 𝔖̅𝔛 , and 𝔖̅𝔜  introduce the wave amplitudes. Eqs. (13a-c), (16a-b), and (19) are 

substituted into Eqs. (18a-e) to yield the eigenvalue equation, after which the nonlinear components 

and external load are removed. 

 where {𝛥} = {𝔲̅0 𝔳̅0 𝔴̅0 𝔖̅𝔛 𝔖̅𝔜}
𝑇, where [𝕜𝐿] and [𝔪] describe the linear stiffness matrix, 

−𝔎0
𝜕2𝔲

𝜕𝔗2
+ 𝔎1

𝜕3𝔴

𝜕𝔛𝜕𝔗2
− 𝔎3

𝜕3𝔴

𝜕𝔛𝜕𝔗2
+ 𝔎3

𝜕2𝔖𝔛

𝜕𝔗2
+
𝜕2𝕤𝔜ℨ

2𝜕𝔜2
+

𝜕2𝕤𝔛ℨ

2𝜕𝔜𝜕𝔛
+
𝜕𝕠𝔛𝔛

𝜕𝔛
+
𝜕𝕠𝔛𝔜

𝜕𝔜
= 0, (18a) 

𝔎3
𝜕2𝔖𝔜

𝜕𝔗2
+ 𝔎1

𝜕3𝔴

𝜕𝔜𝜕𝔗2
− 𝔎0

𝜕2𝔳

𝜕𝔗2
− 𝔎3

𝜕3𝔴

𝜕𝔜𝜕𝔗2
−

𝜕2𝕤𝔜ℨ

2𝜕𝔜𝜕𝔛
−
𝜕2𝕤𝔛ℨ

2𝜕𝔛2
+
𝜕𝕠𝔛𝔜

𝜕𝔛
+
𝜕𝕠𝔜𝔜

𝜕𝔜
= 0, (18b) 

𝔎3
𝜕3𝔲

𝜕𝔛𝜕𝔗2
− 𝔎1

𝜕3𝔲

𝜕𝔛𝜕𝔗2
+ 𝔎3

𝜕3𝔳

𝜕𝔜𝜕𝔗2
− 𝔎1

𝜕3𝔳

𝜕𝔜𝜕𝔗2
− 2𝔎5

𝜕4𝔴

𝜕𝔛2𝜕𝔗2
− 𝔎0

𝜕2𝔴

𝜕𝔗2
+ 𝔎4

𝜕4𝔴

𝜕𝔜2𝜕𝔗2
+

𝔎2
𝜕4𝔴

𝜕𝔜2𝜕𝔗2
− 2𝔎5

𝜕4𝔴

𝜕𝔜2𝜕𝔗2
+ 𝔎2

𝜕4𝔴

𝜕𝔛2𝜕𝔗2
+ 𝔎4

𝜕4𝔴

𝜕𝔛2𝜕𝔗2
−
𝜕2𝕢𝔛𝔛

𝜕𝔛2
−
2𝜕2𝕢𝔛𝔜

𝜕𝔜𝜕𝔛
−
𝜕2𝕢𝔜𝔜

𝜕𝔜2
+ 𝔎5

𝜕3𝔖𝔜

𝜕𝔜𝜕𝔗2
−

𝔎4
𝜕3𝔖𝔜

𝜕𝔜𝜕𝔗2
− 𝔎4

𝜕3𝔖𝔛

𝜕𝔛𝜕𝔗2
+ 𝔎5

𝜕3𝔖𝔛

𝜕𝔛𝜕𝔗2
+

𝜕

𝜕𝔛
(𝕠𝔛𝔛

𝜕𝔴

𝜕𝔛
) +

𝜕

𝜕𝔜
(𝕠𝔜𝔜

𝜕𝔴

𝜕𝔜
) +

𝜕

𝜕𝔜
(𝕠𝔛𝔜

𝜕𝔴

𝜕𝔛
) +

𝜕

𝜕𝔛
(𝕠𝔛𝔜

𝜕𝔴

𝜕𝔜
) +

𝜕2𝕡𝔜𝔜

𝜕𝔜2
+
2𝜕2𝕡𝔛𝔜

𝜕𝔜𝜕𝔛
+
𝜕2𝕡𝔛𝔛

𝜕𝔛2
+
𝜕𝕣𝔜ℨ

𝜕𝔜
+
𝜕𝕣𝔛ℨ

𝜕𝔛
+
𝜕𝕥𝔛ℨ
∗

2𝜕𝔜
−
𝜕𝕥𝔜ℨ
∗

2𝜕𝔛
−

𝜕2𝕦𝔜𝔜

2𝜕𝔜𝜕𝔛
−
𝜕2𝕦𝔛𝔜

2𝜕𝔛2
+

𝜕2𝕦𝔛𝔛

2𝜕𝔜𝜕𝔛
+
𝜕2𝕦𝔛𝔜

2𝜕𝔜2
−
𝜕2𝕤𝔛𝔛

𝜕𝔜𝜕𝔛
+
𝜕2𝕤𝔛𝔜

𝜕𝔛2
+
𝜕2𝕤𝔜𝔜

𝜕𝔜𝜕𝔛
−
𝜕2𝕤𝔛𝔜

𝜕𝔜2
− 𝐾𝑤𝔴+ 𝐾𝑝 (

𝜕2𝔴

𝜕𝔛2
+
𝜕2𝔴

𝜕𝔜2
) = 0, 

(18c) 

𝔎3
𝜕2𝔲

𝜕𝔗2
− 𝔎5

𝜕3𝔴

𝜕𝔛𝜕𝔗2
− 𝔎4

𝜕2𝔖𝔛

𝜕𝔗2
+ 𝔎4

𝜕3𝔴

𝜕𝔛𝜕𝔗2
−
𝜕2𝕥𝔜ℨ

2𝜕𝔜2
−

𝜕2𝕥𝔛ℨ

2𝜕𝔜𝜕𝔛
−
𝕥𝔜ℨ
∗

2
−
𝜕𝕦𝔛𝔜

2𝜕𝔛
+
𝜕𝕦ℨℨ

2𝜕𝔜
−
𝜕𝕦𝔜𝔜

2𝜕𝔜
−

𝜕𝕢𝔛𝔛

𝜕𝔛
−
𝜕𝕢𝔛𝔜

𝜕𝔜
+ 𝕣𝔛ℨ = 0, 

(18d) 

−𝔎4
𝜕2𝔖𝔜

𝜕𝔗2
+ 𝔎3

𝜕2𝔳

𝜕𝔗2
+ 𝔎4

𝜕3𝔴

𝜕𝔜𝜕𝔗2
− 𝔎5

𝜕3𝔴

𝜕𝔜𝜕𝔗2
+
𝜕2𝕥𝔛ℨ

2𝜕𝔛2
+

𝜕2𝕥𝔜ℨ

2𝜕𝔜𝜕𝔛
+
𝕥𝔛ℨ
∗

2
+
𝜕𝕦𝔛𝔜

2𝜕𝔜
−
𝜕𝕦ℨℨ

2𝜕𝔛
+
𝜕𝕦𝔛𝔛

2𝜕𝔛
−

𝜕𝕢𝔛𝔜

𝜕𝔛
−
𝜕𝕢𝔜𝔜

𝜕𝔜
+ 𝕣𝔜ℨ = 0, 

(18e) 

𝔲0 = 𝔲̅0𝑒
𝑖(𝐾𝑋𝔛+𝐾𝑌𝔜−𝜔𝔗), 

𝔳0 = 𝔳̅0𝑒
𝑖(𝐾𝑋𝔛+𝐾𝑌𝔜−𝜔𝔗), 

𝔴0 = 𝔴̅0𝑒
𝑖(𝐾𝑋𝔛+𝐾𝑌𝔜−𝜔𝔗), 

𝔖𝔛 = 𝔖̅𝔛𝑒
𝑖(𝐾𝑋𝔛+𝐾𝑌𝔜−𝜔𝔗), 

𝔖𝔜 = 𝔖̅𝔜𝑒
𝑖(𝐾𝑋𝔛+𝐾𝑌𝔜−𝜔𝔗). 

(19) 

([𝕜𝐿] + [𝕜𝑁𝐿] − 𝜔
2[𝔪]){𝛥} = 0 (20) 
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nonlinear stiffness matrix, and mass matrix, respectively. Additionally, Eq. (21) may be used to 

derive the phase velocity. 

Also, dimensionless quantities are defined by 

 

 

5. Combining DNN with GA as a bio-inspired optimization method to forecast the 
propagation of nonlinear waves in silicon solar cells 

 

The demand for efficient, renewable energy solutions is on the rise and this has led to the 

application of better-performing photovoltaic systems, particularly silicon solar cells, as a main 

focus of study. Since silicon is still the leading material in solar cell technology, the understanding 

of the behavior of nonlinear wave propagation in silicon cells is very fundamental for making 

them more efficient and also improving their overall functions. In fact, there are many nonlinear 

wave effects that take place in solar cells and these are based on the complex light interactions and 

the imperfections in the materials used and the performance of the solar cells depends greatly on 

these phenomena. Thus, the prediction and the calibration of these behaviors are very much in the 

forefront of efficient solar energy technologies. There are traditional methods of simulating 

nonlinear wave propagation, but they are of high value, and at the same time, they suffer from very 

high complexity and computational costs. However, in the recent years, the application of living 

organisms’ traits in the development of the GA combined with the use of modern-day neural 

networks has been a great breakthrough in tackling the problems of complexity and computational 

costs. DNN, which are a type of machine learning model, are those that can cope with the 

complex, nonlinear problems very well since they can identify very detailed patterns in the data. 

Unlike the DNNs, Genetic Algorithms are straightforward and, therefore, do not charge by the 

principles of natural selection and evolution and provide a strong optimization framework that can 

accommodate various and high-dimensional search spaces. The hybrid bio-inspired optimization 

technique made up of DNN and GA is a great tool for predicting the spread of nonlinear waves in 

silicon solar cells. The DNN part is very good at figuring out and anticipating the intricate 

connections between the many input variables (like the properties of the materials, the intensity of 

the light, and the configurations of the structure) and the resulting behavior (characteristics of 

wave propagation). On the other hand, the GA is used to fine-tune the DNN parameters, thus 

making it sure that the model is perfectly adjusted for accuracy and predictive trustworthiness. 

DNN and GA together offer a solution to the inverse problems of nonlinear wave propagation that 

is particularly advantageous. The use of GA in looking for the best among the neural network 

architecture and training parameters means that the model can have a greater level of 

generalization and accuracy. Furthermore, the GA can help in pointing out the variables that 

mainly affect silicon wave propagation and that may not be easy to distinguish using the usual 

analytical techniques. This combined method is not only fast in terms of computation but also 

versatile, thus providing a loose framework for predicting wave behaviors under different 

environmental and material conditions. Using DNN and GA for predicting nonlinear wave 

propagation is a new and still unexplored method of research, which can significantly facilitate the 

𝑃ℎ𝑎𝑠𝑒 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 =
𝜔

𝐾𝑋
 (21) 

𝐾𝑊
∗ =

𝐾𝑤𝑎
4

𝐸𝐼
, 𝐾𝑃

∗ =
𝐾𝑝𝑎

2

𝐸𝐼
. (22) 
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design and optimization of silicon solar cells. The combination of these bio-inspired techniques 

will allow the researchers to deepen the knowledge of wave dynamics in solar cells and also to get 

better predictive models which are necessary for high-efficiency solar energy systems designing. 

This soution supports the contemporary movement towards interdisciplinary collaborations that 

utilize AI and optimization methods in combination to solve complicated engineering issues. The 

suggested approach would be one step for others to follow in the path of solar cell technology 

innovations, and consequently, lead to getting electricity more efficiently and to having less 

environmentally harmful solar energy production in the world. 
 

5.1 Implementation details and Hyperparameters 
 

The DNN-GA model’s training dataset was made using the numerical solution of the governing 

equations (Eqs. 20a-e) through the RK4 method explained in Section 4.1. The fixation of 15,000 

periodic samples was done by altering the principal input factors: GPL weight fraction (0-0.4), 

length scale parameter (ℎ/20 to ℎ/8), wavenumber (0 − 10⁴), and GPL distribution pattern (X, O, 

UD). Then each sample matched these variables to their respective nonlinear wave response 

outputs: displacements and phase velocity at the center of the plate. The DNN was composed of an 

input layer (6 neurons), four hidden layers (64 neurons each with ReLU activation), and an output 

layer (3 neurons with linear activation). The GA was applied to optimize the network’s weights 

and biases with a population size of 50 for the span of 100 generations. The tournament selection 

(size 3) was used for selection, the single-point crossover (rate 0.8) for crossover, and the random 

Gaussian perturbation (rate 0.1, σ=0.05) for mutation. The Mean Squared Error (MSE) on the 

training set was used as the fitness function in the inverse form. The model’s accuracy was 

checked by the coefficient of determination (𝑅²) and MSE on a separate test set (15% of the total 

data), while the training process was supervised by loss curves to preclude overfitting. The DNN’s 

predictions take on the role of a fast surrogate for the resource-demanding numerical integration, 

directly approximating the functional relationship 𝑓: (𝑔𝐺𝑃𝐿 , 𝑙, 𝐾𝑋, . . . ) → (𝔲0, 𝔴0, 𝑃ℎ𝑎𝑠𝑒 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦) 
that the underlying physics in Eqs. 18-20 define. 

 

 

6. Result and discussion 
 

6.1 Validation 
 

Table 3 indicates the dimensionless fundamental natural frequencies of different plates, on the 

other hand, the epoxy and the graphene-reinforced materials (GPL-UD, GPL-O, and GPL-X) are 

the ones used for comparison. The table presents two different sets of values: one from the 

reference study (Ref. [39]) and the other from the current study. The first study shows the 

frequency for pure epoxy to be 0.0584, while the current study records it as 0.0585, which is 

slightly higher. The increase in the natural frequency in the present study is very small but 

significant and may be indicative of not only slightly differing material properties but also 

variations in analysis techniques. Natural frequencies of graphene-reinforced plates are noticeably 

higher than those of pure epoxy. The GPL-UD plate has the highest fundamental frequency of 

0.1216 (Ref. [39]) and 0.1218 (present study) in the case of both studies. The GPL-O and GPL-X 

plates show somewhat lower values, with frequencies of 0.1020 and 0.1378 for the reference and 

0.1022 and 0.1379 for the present study. The values point towards the conclusion that graphene 

reinforcement results in higher natural frequencies, especially for GPL-UD and GPL-X 
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Table 3. Dimensionless fundamental natural frequencies of plates 

 Pure epoxy GPL-UD GPL-O GPL-X 

Ref. [39] 0.0584 0.1216 0.1020 0.1378 

Present study 0.0585 0.1218 0.1022 0.1379 

 

 
Figure 2. The impact of GPL weight percentage and wave number on the structure’s nonlinear phase 

velocity 

 

 

configurations thus indicating better stiffness and dynamic response in the composite materials 

based on graphene. The current study confirms previous research results and at the same time 

points out the significant role of graphene reinforcement in changing composite plates’ dynamic 

characteristics. 

 

6.2 Parametric study 
 

Fig. 2 shows how the weight fraction of graphene platelets affects the nonlinear phase velocity 

versus wave number. Different weight fractions of graphene platelets, namely 0%, 1%, and 1.5%, 

are represented by the different curves. The horizontal axis indicates the wave number, and the 

vertical axis indicates the nonlinear phase velocity. It can be seen that the weight fraction of 

graphene platelets is an important factor for the nonlinear phase velocity since even a small 

amount (1%) of graphene itself leads to a considerable increase of the phase velocity. This not 

only confirms the notion that the increase in graphene content ultimately improves the wave 

propagation, but also hints at the fact that the so-called “stiffness” along with the better mechanical 

properties delivered by the graphene reinforcement are major factors for the improvement. Thus, 

the nonlinear phase velocity rises quite rapidly at lower wave numbers, but the rise peaks and 

alone rate of growth decreases as the wave number increases. The observed trend illustrates how 

vital the weight fraction of graphene platelets is in tuning the dynamic response of the solar cell 

plates, thus showing that even the smallest amounts of reinforcement content may play an 

important role in the oscillation of the wave throughout the advanced composite systems. 

Fig. 3 illustrates how the ratio of length scale parameters influences the nonlinear phase 

velocity as a function of the wave number. The different lines correspond to the ratios of length  
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Figure 3. The impact of 𝑙/ℎ parameters and wave number on the structure’s nonlinear phase velocity 

 

 

Figure 4. The impact of 𝐾𝑊
∗  parameter and wave number on the structure’s nonlinear phase velocity 

 

 

scale parameters of 0, 0.1, and 0.2, respectively. The x-axis represents the wave number and the y-

axis shows the nonlinear phase velocity. The plot clearly indicates that the higher the length scale 

parameter ratio the more the nonlinear phase velocity is increased, especially at higher wave 

numbers. This behavior is representative of strong size-dependent effects, where the microstructural 

length scale becomes more and more important in determining the whole wave dynamics. 

Moreover, the difference between the curves increases as the wave number increases, which 

indicates that it is necessary to consider size effects in the modeling of micro-scale solar cell 

structures. Thus, the figure demonstrates the significance of the length scale parameter ratio in not 

only making the non-classical mechanical behavior of graphene-reinforced composites for solar 

cells more apparent but also in optimizing their wave propagation properties. 

Fig. 4 underscores the importance of the dimensionless Winkler coefficient in modifying the 

nonlinear phase velocity depending on the wave number. The Winker coefficient is being altered 

from 0 to 1 and 2, which is indicated by the three different curves. The horizontal axis signifies the 

wave number, while the vertical axis denotes the nonlinear phase velocity. Examining the curves  
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Figure 5. The impact of 𝐾𝑃
∗ parameter and wave number on the structure’s nonlinear phase velocity 

 

 

reveals how a rise in the dimensionless Winkler coefficient causes a slight rise in the nonlinear 

phase velocity, especially at low wave numbers. The influence reduces as the wave number rises, 

and the curves meet again at the highest wave numbers. These results indicate that the Winkler 

foundation, which simulates the medium’s elastic response, is more significant in the lower wave 

number zone. The findings indicate that adjusting the dimensionless Winkler coefficient is a 

reliable method for regulating the initial dynamic response of the composite system, thus 

facilitating the development of solar cells with specific vibrational properties for better 

performance and stability through conferring an indirect role of the structure in the selection of the 

working wavelength range. 

Fig. 5 shows how the dimensionless Pasternak coefficient affects the nonlinear phase velocity 

for different sums of wave numbers. The coefficient changes are from 0, 1, and 2, respectively, for 

the three curves. The wave number is shown on the horizontal axis, whereas the nonlinear phase 

velocity is depicted on the vertical axis. It can be seen that the rise in the dimensionless Pasternak 

coefficient, which is the shear interaction estimation of the elastic foundation, causes the nonlinear 

phase velocity increase at all wave numbers, although to a lesser degree. The influence is most 

pronounced at the lowest wave numbers and then gradually lessens with an increase in wave 

number, yet a difference between the curves that cannot be ignored is still present. Thus, it can be 

concluded that the use of shear interactions through the Pasternak foundation is essential for 

accurately portraying the wave propagation characteristics in graphene-reinforced composites. The 

results support the assumption that both Winkler and Pasternak coefficients need to be taken into 

account when modeling the foundation effects to avoid weak and unrealistic forecasts for the 

dynamic behavior of advanced solar cell plates. 

Fig. 6 elaborates on the non-linear phase velocity’s dependency on the dimensionless Winkler 

coefficient and different dimensionless Pasternak coefficients. The dimensionless Winkler 

coefficient takes the position of the horizontal axis, whereas the non-linear phase velocity is 

plotted on the vertical axis. For the dimensionless Pasternak coefficient values of 0, 0.5, and 1, 

three distinct curves are displayed. The outcome illustrates that with the dimensionless Winkler 

coefficient growing, the nonlinear phase velocity follows in a nonlinear way. In addition, at a fixed 

Winkler coefficient value, the Pasternak coefficient increment results in a higher nonlinear phase  
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Figure 6. The impact of 𝐾𝑃
∗ and 𝐾𝑃

∗  parameters on the structure’s nonlinear phase velocity 

 

 

Figure 7. The impact of 𝐾𝑊
∗  parameter and wave number on the structure’s nonlinear phase velocity 

 

 

velocity. This means that the magnitudes of both the Winkler and Pasternak foundation parameters 

are together uplifting the dynamical wave propagation characteristics of the composite system. 

Moreover, the non-linear phase velocity’s sensitivity to these foundation parameters points out 

their significance in the structural design and vibration control of graphene-reinforced solar cell 

plates. The findings suggest that the coefficients must be optimized in a combined manner to get 

the dynamic responses that are appropriate for next-generation micro-structured solar cell 

applications. 

Fig. 7 examines how a stiffness-related parameter (represented by three different values) affects 

the nonlinear phase velocity versus the dimensionless Winkler coefficient. The horizontal axis 

indicates the dimensionless Winkler coefficient, and the nonlinear phase velocity is represented on 

the vertical axis. The transition lines are associated with three ascending stiffness-related parameter 

values indicated as 100, 200, and 300, respectively. It is clearly seen that the nonlinearity phase 

velocity is inversely proportional to the stiffness parameter at a constant value of the Winkler 
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Figure 8. The impact of 𝐾𝑊
∗  parameter and the GPL weight fraction on the structure’s nonlinear phase 

velocity 

 

 

coefficient. On the other hand, the nonlinearity phase velocity increases with the Winkler 

coefficient for each fixed value of the stiffness parameter. This indicates that the stiffness 

parameter and the elastic foundation’s contribution to wave propagation are in competition. The 

trend of nonlinearity phase velocity decreasing with the stiffness parameter suggests that stiffer 

base structures might be able to suppress wave velocity, which ideally serves for vibration control 

in micro-scale devices. The results thus indicate a co-relationship between the Winkler foundation 

and the material in term of phase velocity. The engineers might make informed decisions on the 

combination of materials and supports that lead to the desired wave propagation character in the 

case of graphene-reinforced composites, according to the presented results. 

Fig. 8 evaluates how the dimensionless Winkler coefficient influences the nonlinear phase 

velocity of the system with different amounts of graphene platelets. The x-axis shows the 

dimensionless Winkler coefficient, while the y-axis indicates the nonlinear phase velocity. The 

three curves plotted represent the weight fractions of graphene platelets at 0%, 1%, and 1.5%, 

respectively. The diagram shows that the increase of the Winkler coefficient leads to the increase 

of the nonlinear phase velocity, with the lower values area presenting a steeper slope and the 

higher values area exhibiting a plateau. It is noteworthy, however, that the highest weight fraction 

of graphene platelets is associated with greater nonlinear phase velocity at any Winkler coefficient 

value. This indicates that the effect of graphene on phase velocity is made even stronger by a 

stiffer elastic foundation. The interaction reveals that both material composition and foundation 

support are crucial factors in dynamic behavior and reliability of graphene-reinforced solar cell 

plates under nonlinear wave propagation optimization. 

Fig. 9 shows how the nonlinear phase velocity varies as a function of the dimensionless 

Winkler coefficient for a few different ratios of the length scale parameter. The x-axis is the 

dimensionless Winkler coefficient, and the y-axis is the nonlinear phase velocity. The three lines 

represent length scale parameter ratios of 0, 0.5, and 1. The data imply that nonlinear phase 

velocity increases monotonically with the rise of both the Winkler coefficient and the length scale 

parameter ratio. Besides, for a specific value of the Winkler coefficient, the larger length scale 

parameter ratios result in higher nonlinear phase velocities. This phenomenon points out the size- 
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Fig 9. The impact of 𝐾𝑊
∗ , and 𝑙/ℎ parameters on the structure’s nonlinear phase velocity 

 

 

Figure 10. The impact of 𝐾𝑃
∗, and 𝑙/ℎ parameters on the structure’s nonlinear phase velocity 

 

 

dependent effects in microstructured materials where the larger microstructural length scales can 

drive the elastic foundation’s effect on the wave propagation. The synergy between these factors 

thus opens up a new avenue for the design and control of micro-sized solar cell plates with regard 

to their dynamic performance as well as structural reliability. 

Fig. 10 illustrates how the length scale parameter ratio affects the nonlinear phase velocity, 

which in turn depends on the dimensionless Pasternak coefficient. The x-axis shows the 

dimensionless Pasternak coefficient, while the y-axis indicates the nonlinear phase velocity. The 

three curves plotted correspond to the different length scale parameter ratios of 0, 0.5, and 1. It is 

seen that the nonlinear phase velocity rises slowly with the increase of the dimensionless Pasternak 

coefficient in all instances. Moreover, the higher the length scale parameter ratio, the greater the 

nonlinear phase velocity increase at every Pasternak coefficient value, thus revealing the strong 

influence of microstructural size effects. The curves stay apart across the board, which means that 

the propagation characteristics are still very much influenced by the Pasternak foundation and the  
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Figure 11. The impact of 𝐾𝑃
∗ parameter and GPL weight fraction on the structure’s nonlinear phase velocity 

 

 

length scale effects. This phenomenon makes it imperative to take into account nonclassical 

continuum theories and microstructural parameters in the accurate forecasting and controlling of 

dynamic responses in graphene-reinforced composite plates, particularly for micro-scale solar cell 

applications where advanced vibrational performance is a necessity. 

Fig. 11 illustrates how the nonlinear phase velocity is related to the dimensionless Pasternak 

coefficient for different amounts of graphene platelets. The horizontal axis represents the 

dimension less Pasternak coefficient, while the vertical axis represents the nonlinear phase 

velocity. The graph shows three curves for different percentages of graphene platelets, which are 

0, 0.5, and 1%. It can be seen that the nonlinear phase velocity continues to increase uniformly 

with the dimensionless Pasternak coefficient for all the cases of graphene platelet content. Though 

there is an effect of the increase in the weight fraction of graphene plates on the nonlinear phase 

velocity, it is not very pronounced as the curves are so very close to each other. This means that 

the Pasternak foundation is completely contributing to the phase velocity increase while the 

graphene platelet content is merely a factor in this case. The results imply that in the cases where 

the Pasternak foundation effects are prominent, the microstructural reinforcement resulting from 

graphene platelets has a limited incremental effect which is very important for both material 

composition and foundation design in advanced solar cell plates. 

Fig. 12 illustrates how nonlinear phase velocity varies in relation to the dimensionless Pasternak 

coefficient for different values of a stiffness-related parameter. The horizontal axis indicates the 

dimensionless Pasternak coefficient, while the vertical axis denotes the nonlinear phase velocity. 

The three curves correspond to parameter values 200, 400, and 600 related to wave number. 

Nonlinear phase velocity is increasing slowly but surely with the dimensionless Pasternak 

coefficient for all stiffness-related values. Higher stiffness parameter results in a slight increase in 

nonlinear phase velocity at each value of the Pasternak coefficient, yet the effect is not as strong as 

that of the Pasternak foundation itself. This trend indicates that while the base stiffness parameter 

influences the wave propagation dynamics, the dimensionless Pasternak coefficient is still the 

main factor in this case of enhancing phase velocity. The results indicate that foundation shear 

interactions are more effective in tuning dynamic properties than internal stiffness adjustments and 

thus are more important in the case of high-performance graphene-reinforced solar cell plates. 

40



 

 

 

 

 

 

Management of nonlinear waves in solar cells: Results verification through … 

 

Figure 12. The impact of 𝐾𝑃
∗, and 𝐾𝑋 parameters on the structure’s nonlinear phase velocity 

 

 

Figure 13. The impact of 𝐾𝑃
∗, and  𝐾𝑊

∗  parameters on the structure’s nonlinear phase velocity 

 

 

Fig. 13 presents how much the dimensionless Winkler coefficient affects the nonlinear phase 

velocity versus the dimensionless Pasternak coefficient. The horizontal line shows the dimension- 

less Pasternak coefficient, and the vertical line shows nonlinear phase velocity. The three lines are 

for the values of the dimensionless Winkler coefficient of 0, 0.5, and 1. The results indicate that 

the increase in the dimensionless Pasternak coefficient causes the nonlinear phase velocity to rise 

much higher than before, and this is further enhanced in a big way at the higher levels of the 

dimensionless Winkler coefficient. The difference in the curves becomes more and more 

pronounced as the Pasternak coefficient rises, which indicates a productive interaction of the two 

founding variables. Indicating this, one can see that normal and shear responses of the foundations 

must be accounted for in the modeling and controlling of wave propagation in graphene-reinforced 

composites. The findings underline the rich interaction that exists between the different parameters 

of the foundation, and this in turn is what determines the dynamic behavior of the micro-sized 

solar cell plates. This area is very critical as it will determine the design and optimization of the 

future solar technologies. 
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Table 4. Key parameters used in both the neural network and the genetic algorithm 

Parameter Description Value 

Input Size Number of input features 6 

Output Size Number of outputs 3 

Number of Hidden Layers Layers between input and output 4 

Neurons per Hidden Layer Number of neurons in each hidden layer 64 

Activation Function Nonlinear function applied at each neuron ReLU 

Population Size Number of chromosomes in GA population 20 

Number of Generations Iterations of evolution 50 

Number of Parents Number of top performers selected as parents 10 

Crossover Rate Probability of crossover 0.8 

Mutation Rate Probability of mutation 0.1 

Crossover Type Method of combining parent genes Single-point crossover 

Mutation Type Method of introducing random changes Add small perturbations 

Fitness Function Inverse of loss function (MSE) 1/MSE 

Termination Criteria Condition to stop GA evolution Fixed number of generations 

 
 

6.3 The outcomes of the mentioned algorithm 
 

Table 4 presents the main parameters utilized in the DNN-GA method for nonlinear wave 

propagation forecasting, which are applicable to both the neural network and the genetic 

algorithm. These parameters affect not only the architecture of the neural network but also the 

effectiveness of the optimization procedure. 
 

6.4 Robustness and generalizability analysis of the DNN-GA model 
 

In order to evaluate the reliability, applicability, and methodological rigor of the suggested 

DNN-GA model, a variety of supplementary analyses were performed in addition to the first 

performance metrics. 
 

a) Data partitioning and cross-validation 
The complete dataset comprising 15,000 samples produced by the mathematical model was 

divided into three separate portions: 70% for training (10,500 samples), 15% for validation (2,250 

samples), and the remaining 15% for an independent test set (2,250 samples). In order to obtain a 

robust result and to lessen the impact of one random division, a 5-fold cross-validation was applied 

on the training and validation sets combined. The average R² score of all folds was 0.948 ± 0.012, 

and the average mean squared error (MSE) was (4.21 ± 0.45) × 10⁻⁴, which means that the 

model’s performance was consistent and there was little variance in predictions, as illustrated in 

Table 5. 
 

b) Mitigating local minima convergence 
The evolutionary property of the genetic algorithm part gives a strong protection against the 

possibility of the search getting stuck in shallow local minima. The search is done in such a way 

that it explores multiple areas of the parameter space at the same time through the combination of  
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Table 5. 5-Fold cross-validation results 

Fold R² Score Mean squared error (MSE) 

1 0.951 3.92 ×  10⁻⁴ 

2 0.937 4.88 ×  10⁻⁴ 

3 0.956 3.55 ×  10⁻⁴ 

4 0.942 4.63 ×  10⁻⁴ 

5 0.954 3.71 ×  10⁻⁴ 

Mean ±  Std 0.948 ±  0.012 (4.21 ±  0.45)  ×  10⁻⁴ 

 
Table 6. Generalizability test across GPL patterns 

Training pattern Test pattern R² score MSE 

GPL-X GPL-X (In-Pattern) 0.941 4.15 ×  10⁻⁴ 

GPL-X GPL-O 0.896 8.32 ×  10⁻⁴ 

GPL-X GPL-UD 0.873 1.02 ×  10⁻³ 

 
 

keeping a population of candidate solutions (chromosomes) and the application of stochastic 

operators (crossover and mutation). The DNN-GA training was started with ten different random 

seeds to confirm this further. The final fitness values (1/MSE) and R² scores on the test set turned 

out to be in a close range (𝑅²: 0.939 - 0.942), which is a confirmation that the algorithm is finding 

a good solution quite near to the optimal one no matter how it was initialized. 

 

c) Out-of-distribution (OOD) predictions 
The capability of the model to predict in areas outside its training circle was examined using 

OOD data. An additional data set was created with the wave number and length scale parameter 

(𝑙/ℎ) set to values that were 25% higher than the maximum and lower than the minimum of the 

training range. As predicted, there was a drop in the model’s predictive accuracy and the average 

R² value fell to 0.782. This decline points to a major restriction of exclusively data-driven models 

when encountering new physical conditions and at the same time, it shows the benefit of physics-

informed architectures in such extrapolation tasks. 

 

d) Generalizability across different GPL patterns 
For the purpose of verifying generalizability, the DNN-GA model was fitted solely on the data 

corresponding to the GPL-X distribution pattern. Without retraining, it was then assessed using the 

test sets out of the GPL-O and GPL-UD patterns. The obtained results that are visible in Table 6 

indicate a moderate decline in performance in comparison with the in-pattern test. The model still 

maintains good predictive capability (R² > 0.87), thereby, proving its power to grasp some of the 

mechanical relationships underlying the different distribution patterns, though, at the same time, 

confirming that it has partially learned some specific features of the pattern. 

 

e) Hyperparameter sensitivity analysis 
Sensitivity analysis was carried out concerning four main hyperparameters, namely, the number 

of neurons per hidden layer, the population size for GA, the rate of mutation, and the number of 

training generations. The outcomes were expressed through the final R² score on the fixed test set  
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Table 7. Hyperparameter sensitivity analysis 

Hyperparameter Tested Values Optimal value Impact on R² 

Neurons/Layer [32, 64, 128, 256] 128 High: Peaks at 128 

Population size [10, 20, 50, 100] 50 Low-Med: Sat. at 50 

Mutation rate [0.01, 0.05, 0.1, 0.2] 0.1 Medium: Optimal at 0.1 

Generations [25, 50, 100, 200] 100 High: Requires >50 

 

 

and the total training time and they are presented in Table 7. Model performance was extremely 

sensitive to the width of the network (neurons per layer) and the number of generations, with a 

saturation effect after certain thresholds. The mutation rate had an optimal mid-range value (0.1), 

with its lower and higher rates deteriorating performance. The parameter of population size had a 

less notable effect that was mainly confined to the minimum threshold, with bigger sizes leading to 

increased computational costs and yielding lesser returns. 
 
 

7. Conclusion 
 

In this paper, we carried out a detailed study of the nonlinear wave propagation in solar cells 

with graphene as a reinforcer and utilized a unique DNN–GA framework to corroborate and 

enhance the results for the first time. The investigation brings out the important role of graphene as 

a composite material with the ability to improve the mechanical and thermal properties of the 

composite materials, which would result in better performance of the solar cell of micro-size. The 

Halpin-Tsai model was used for forecasting the effective properties of graphene-containing 

composites, which laid down an important base for precise material modeling in studies dealing 

with nonlinear wave propagation. Theories like the modified coupled stress theory, sinusoidal 

shear deformation theory, and modified pair stress theory, when integrated together, provided us 

with the possibility of capturing the intricate characteristics of the material under the nonlinear 

loading. These theories facilitated a more precise depiction of the size-dependent influences and 

microstructural deformations taking place within the composite, which are vital for 

comprehending the material’s reaction to external forces and its phase velocity characteristics. The 

use of Hamilton’s principle in the process of governing equations made it possible to obtain an 

analytical solution, which provided a more thorough comprehension of the wave propagation 

mechanics in graphene-reinforced composites. The study’s outcomes pointed out that the 

contribution of graphene reinforcement to the nonlinear phase velocity was considerable, thus it 

opened new ways for the understanding of the dynamic character of these materials in real-life 

scenarios. In addition, the DNN-GA framework was not only us but also was used in the study to 

provide the verification and optimization of results with great efficiency, ensuring the predictions 

are accurate and reliable. Thus, the research has made a breakthrough by creating a new path for 

the design and optimization of graphene solar cells, where the precise control over nonlinearity 

wave dynamics will be the key factor for improving the energy efficiency, mechanical stability, 

and performance. The study’s findings will undoubtedly be the turning point for the field of 

materials science, especially in the area of next-gen renewable energy technologies. The 

methodologies and results outlined provide a trustworthy platform for subsequent research as well 

as the manufacture of next-gen solar cells with the participation of graphene-based composites in 

the leading role of solar energy application advancements. 
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