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ABSTRACT In this article, the ocean energy generator system is analysed. The need for sustainable renew-
able energy systems is continually growing, given the situation of the world’s energy supplies. Numerous
similar systems, including photovoltaic solar collectors, biomass, and wind turbines are used for energy
generation. The ocean energy generator system uses the magnetohydrodynamics transformation concept to
convert kinetic energy to electrical energy. Similar to conventional generators, an ocean generator requires
an applied magnetic field to generate current, making it a critical component of the system. To optimize
the performance and efficiency of ocean generators, various devices utilizing superconducting magnets have
been developed, including Hall current generators, rotating channels, rotating disc magnetohydrodynamics
generators, and helicoid generators. However, these systems also involve complex heat, momentum, and
mass transfer, which can be better understood through mathematical modeling. The similarity transformation
are introduced to transform the mathematical model from partial differential equation system to ordinary
differential equation system. By adopting this approach, the numerical solution is significantly simplified
while still preserving numerous crucial physical aspects of the studied heat and material transport phenom-
ena. The physical characteristics of sea waves are governed by the three variables of seawater: temperature,
salinity, and pressure. Small dispersed particles also affect the generation of hydroelectric power from
surface water. The behaviour of velocity, temperature, and salinity profile is observed for the variations
of different parameters such as magnetic, Grashof number and heat source. The system is converted into an
optimization problem and solved by a neural network procedure. The solutions are compared with reference
solutions for validation. The errors, performance, testing and training data are also presented graphically.
The data is typically visualized using histograms, line graphs, and other visual aids. This allows for easier
comprehension and analysis of the data.

INDEX TERMS Computational analysis, magnetic field, energy generator, nonlinear systems, dynamic
parameters, neuro-computing, hybridization, heat transfer, machine learning.

I. INTRODUCTION businesses, and communities. Some common examples
Many different types of sustainable and renewable energy include Solar photovoltaic (PV) systems, which use panels to
systems can be used to generate electricity or power homes, convert sunlight into electricity, Wind turbines, which gen-

erate electricity from the wind, Hydroelectric power plants,
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wood or crops to generate electricity, Geothermal energy
systems, which use heat from the Earth to generate electricity.
The need for sustainable renewable energy systems is con-
tinually growing, given the situation of the world’s energy
supplies. Numerous similar systems, including photovoltaic
solar collectors, [1], wind turbines [2], recharged geothermal
reservoirs [3], and biomass [4], [5], have been invented and
enhanced. There has also been much interest in marine energy
systems, especially in Asia. Thermal energy conversion in the
ocean, tidal power plants [6], [7], and wave energy conversion
devices [8] are just a few reliable methodologies that have
been developed. The MHD (magneto-hydrodynamic) saltwa-
ter generator is a very intriguing and practical endeavour,
although other alternative marine renewable concepts have
been put forth.

The device utilizes the MHD principle to transform kinetic
energy into electrical energy. The kinetic energy is obtained
from ocean/tidal current [9]. As a conventional generator,
the applied magnetic field is also an important factor in an
ocean generator. In terms of optimizing the performance and
efficiency of ocean generators. Many devices are described
such as Hall current generators [10], [11], rotating chan-
nels [12], [13], rotating disk MHD generators [14], and heli-
coid generators exploiting super-conducting magnets [15],
[16]. Different characteristics, such as heat, momentum, and
mass (salinity) transport, are intricate in these systems. These
characteristics are enhanced in mathematical and computa-
tional modelling. Seawater has three properties (temperature,
salinity, and pressure) which quantify the velocity of sea
waves physically. Small dispersed particles also affect hydro-
electricity generation from surface water [17], [18]. Khan et al
studied nanofluid flow of Maxwell model over a vertical
plate extending infinitely with ramped and isothermal wall
temperature and concentration [19], [20]. Researchers have
recently paid attention to inclined magneto-fluid dynamic
flow with and without mass and heat transfer. Numerous
multi-physical factors relevant to energy generation systems
have been considered in these studies. Srikanth et al. [21]
examined how radiative flux affected the convection flow of
magnetised nano-fluid from a porous inclined plate. A study
conducted by Ramesh et al. about the properties of momen-
tum and heat transfer in a hydro-magnetic flow of dusty fluid
over a stretched sheet that is inclined and has an imbalanced
heat source and sink, where the flow is caused by a linear
stretching of the sheet [22]. A stretched plate’s boundary
layer flows in a fluid-particle suspension. According to Kabir
and Al Mahbub [23], using the Nachtsheim-Swigert shooting
iteration technique and a sixth order Runge-Kutta integra-
tion scheme, the effect of thermophoresis on an unsteady
magneto-hydrodynamic (MHD) free convection flow over an
inclined porous plate with time-dependent suction in the pres-
ence of a magnetic field and heat generation has been taken
into consideration. Palani and Kim report the MHD free con-
vection flow across a semi-infinite inclined plate exposed to
a fluctuating surface temperature is investigated numerically.
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The energy equation considers the effects of Joule heating
and viscous dissipation [24], [25]. Ramadan and Chamkha
in [26] did a numerical study on the issue of constant, laminar,
free convection flow of a particulate suspension across an
infinite, permeable, inclined, and isothermal flat plate when
a transverse magnetic field is present and affects of fluid heat
absorption are present. Most two-phase models do not take
into consideration the impacts of viscous particle flow. Wang
and Chen reported in [27] and [28], to study the boundary
layer flow (BLF) due to mixed convection over an inclined
wavy plate having transverse magnetic flux, the implicit
approaches spline alternating-direction and coordinate sys-
tem transformation are implemented. They also found that the
flow about leading brink over the wavy surface accelerates
as magnetic body force rises. On the other hand, the flow
slows down further away from the leading edge. The non-iso-
solutal and non-isothermal hydromagnetics free convection
properties of Joule and viscous dissipation from a porous
inclined surface were explored by Chen [27].

The research mentioned above mostly disregarded simulta-
neous species diffusion (mass transfer). Although, salinity is
a severe problem in study of MHD ocean generators. In such
transport devices, it is crucial to study the mass transfer,
and heat transfer in combined form [9], [29]. Following the
Fickian law [30], mass diffusion adds certain complicated
traits to mixed convection flows. Rashidi et al. considered vis-
cous, laminar mixed convection BLF across a horizontal wall
coupled with a chemical reaction. The controlling equations
are written in dimensional-less form. Group theory is used
to find these equations’ invariant solutions under a certain
continuous one-parameter group. The differential transform
method is then used to get series solutions for the velocity,
temperature, and concentration functions of the transformed
coupled system of equations [31], and Ferdows et al. [32]
analyse heat and mass transportation on moving nano-porous
wall in porous media with hydrodynamic and concentration-
dependent diffusivity, thermal slip boundary conditions,
accounting for the Soret and Dufour effects, and viscosity
depend on temperature. The research of Zueco et al. [33] is
fascinating, in which a mathematical model that describes
the heat and mass transfer of an electrically conducting fluid
across a perforated horizontal surface in the presence of
Joule (Ohmic) heating and viscous. The impact of chemical
reactions and entropy on Darcy-Forchheimer flow, involv-
ing H>,O and C>HgO; along with magnetised nanoparticles,
is being investigated for its significance in [34], [35], and
[36]. Makinde [37] employed network modelling to examine
varying thermo-physical effects in thermophoretic magneto-
convection. Although, many investigations do not consider
Soret and Dufour. Intending to assess the combined impacts
of heat and mass transfer in laminar boundary layer flows in
forced, and natural convection can be complex and require
the use of advanced numerical techniques to predict accu-
rately. Under the supposition that constitutive equations for
the heat and mass fluxes of diluted solutes follow linear

57047



IEEE Access

M. F. Khan et al.: Computational Study of Magneto-Convective Heat Transfer

forms in accordance with the thermodynamics of irreversible
processes, momentum, energy, and mass balance equations
are simultaneously solved by Abreu et al. [38]. Examining
Non-Linear Convective Heat Transfer through a Hybrid
Heuristic-Driven Neural Soft Computing Model: A Quanti-
tative Study [39], [40], [41]. T Gul reports flow of a hybrid
nanofluid with radiative couple stress over an inclined stretch-
ing surface under the influence of non-linear convection and
slip boundary effects [42]. F Khan investigates unipolar elec-
trohydrodynamic pump flow using a hybrid metaheuristic
novel approach based on neurocomputing [43]. Theoretical
research was offered to look at the peristaltic pumping of
nanofluids over a deformable channel with double-diffusive
convection (thermal and concentration diffusive). The need to
investigate the impact of nanofluid dynamics flow of fluids
and solids through the body in biological vessels as shown
by the movement of waste products, food molecules, hor-
mones, ions and heat during blood circulation motivated the
development of the model and fraction blood flow [44], [45],
[46], [47], [48]. Using Mathematica, Anwar Bég and Tripathi
showed the significant impact, over peristaltic propulsion,
thermo-diffusion in deformable channels [49], [50], [51],
[52]. A Triboelectric Nanogenerator with Guided-Liquid
Hybrid Design for Efficient and Omnidirectional Energy Har-
vesting from Ocean Waves study is reported in [53]. More-
over, many studies discussed the complex interaction between
wave amplitude, Soret and Dufour effects, and buoyancy
forces. Numerous studies have been published assessing the
cross-diffusion impact on double-diffusive BLF. Such as the
Graetz problem study by Coelho and Telles [54] in which
Soret and Dufour effects are considered while analysing
simultaneous heat and mass transmission between parallel
surfaces. Consideration is given to axial, transverse, and lon-
gitudinal advection, heat and mass transfer, and the MHD
Sakiadis flow in porous media research by Anwar et al. [55].
T Gul et al. investigate the heat transfer efficiency of nanoflu-
ids made from graphene oxide flowing in an upright channel
through a permeable medium [56]. Anwar Bég et al. [57]
implement a variational finite element (VFE) approach for
examination of cross-diffusion and micromorphic flow, tak-
ing porous medium into account. In porous media, Vasu et al.
looked into the effects of Soret and Dufour on the hydro-
magnetic transport from a spherical body. The effects of
mass flux, in dynamic laminar gas flow, on cross-diffusion
(Soret-Dufour) were also addressed by Vasu et al. [58] with
robust finite difference solutions. G Yao discussed principles
and control strategy of an innovative wave-to-Wire system
with embedded optimization for Ocean energy storage [59].
RN Silva investigate conceptual design of a combined energy
conversion system that utilizes both ocean currents and
waves, and is implemented on a single platform. The system,
named as Tidal-Waves Generator [60]. According to these
studies, due to the existence of density variation in flow, the
effects of soret of dufour are essential. These studies have also
highlighted that when heat transfer and mass transfer happen
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simultaneously in a moving fluid, energy flux is created
that is caused by concentration gradients and temperature
gradients (‘‘composition gradients’”). In [61], the SCA-SQP-
ANN technique was utilized to conduct a numerical inves-
tigation of the heat transfer and boundary layer flow in the
MHD Falkner-Skan equation, which is caused by a symmetric
dynamic wedge. The Dufour effect refers reciprocal process
of Soret effect. It is energy that has transferred that difference
in concentration causes. The Soret or thermo-diffusion effect
is the mass transportation caused by variation in temperature;
itis a form of passive transport from one side of the membrane
to another.

The above investigations did not consider plate inclination
in MHD flow with thermo-diffusion and heat production
effects. This work investigates the impacts of heat production
and the transport phenomena in an MHD ocean generator by
means of a thermo-diffusion experiment in which particles
are injected into an inclined surface at a rate that depends on
both temperature and the inclination angle. Due to inclusion
of Soret effect, it has a significant role in transport phe-
nomena in saltwater solutions. With heat production presents
a steady-state model for seawater flow down over inclined
non-conducting plate that exhibits magnetohydrodynamic
double-diffusive convection. In order to simulate an ocean
energy generator, we first considered the governing equations
of the system. These equations can be written in a form that
is easily adapted to this purpose. Then, it will convert into
a system of coupled equations, and then show that several
thermodynamic parameters control the coefficients in these
equations, including the plate inclination,, the Grashof num-
ber (G,), a heat source parameter (&), the modified Prandtl
number (Py), the Prandtl number (P, ), the Soret number (S,)
and magnetic body force parameter (M).

The salient features of this work are categorically given
below:

o The ocean energy generator is considered under the
effect of Soret effects, which has a significant role in
saltwater.

o The impacts of heat production and thermo-diffusion on
the transportation over a surface with some inclination
in an MHD ocean energy generator.

o The model is transformed into an optimization problem.

« For solving the model NN-LMA technique is employed.

o The solution of model is found in the form of surrogate
solutions.

The rest of paper is organized as follows: section II - Formula-
tion of mathematical model: this section presents formulation
of mathematical model; section III - Transformation of the
model; discusses the transformation of model to a system
of ordinary differential equations; section IV - Methodol-
ogy - this section describes the research design, including
the methods used to collect and analyze data, section V -
Computational Experimentation: this section will present the
findings of the research, including any statistical analysis or
data visualization, results and explain their significance in
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relation to the research question and literature review and
section VI - conclusions: this section will summarize the main
findings and implications of the research, and suggest future
research directions.

Il. FORMULATION OF MATHEMATICAL MIODEL

Ocean thermal energy conversion (OTEC) systems offer
humanity a workable future. Engineers from Russia, France,
the United States, and Japan have all done numerous
ground-breaking studies into this type of renewable energy.
The basic idea of ocean energy generator with seawater as a
functioning fluid is summarised by a potential design with
the coordinate system in Figure 1. Seawater is considered
a functioning fluid in the basic idea of energy production
by ocean generators. The near-wall flow in these systems is
considered in simple two-dimensional form. The boundary
layer flow is upward along the X -axis, which is directed along
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the generating channel plate; the Y-axis is inclined to it. The
inclination angle, «, is indicated here. At first, it is considered
that the temperature for plate and fluid, i.e. (T) and salinity
(Seo) throughout the fluid. The dynamic wall moves over
X-direction having constant velocity, and it is further con-
sidered that the wall of generator channel, i.e. plates and
fluid, is in rest position. Gradually, the temperature of the
plate increased to T, (> T) and, similarly, species salinity
is increased to S, (> S«), and the values are maintained
subsequently. The temperatures over the wall are denoted
by Ty, and rate of salt, i.e. species salinity over wall S,
and T, Seo, Which denote these quantities at ends of the
wall [30]. Hall currents, energy conversion of a fluid flow
into heat due to the friction between fluid layers (viscous
dissipation) and heating of a material due to the flow of an
electrical current (Joule (Ohmic) heating) are not taken into
consideration. While a weak magnetic field is considered.
In the direction of Y, the intensity of applied magnetic is
B,. The applied magnetic field is always at a right angle to
the wall. Whenever a magnetic field is applied, it is directed
away 90° about the plate. As a result, the magnetic field does
not change orientation, but the wall can. In relation to a wall,
the Lorentz force always moves in the same direction (plate).
For the mathematical equations of continuity, conservation of
momentum, species (salinity) conservation, and conservation
of energy, which includes heat production and thermal diffu-
sivity effects, can be demonstrated to take the following with
boundary layer approximation and Boussinesq assumptions:

U IV

=0 1
3X+8Y M
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here, the magnetic field strength is By, and the kinematic
viscosity (fluid’s internal resistance) is v. The constants rep-
resent the thermal diffusivity caused by salinity Ky = K /pC;
and temperature K7 = K /pCs, respectively. The diffusion
rate of molecule (thermal diffusion coefficient) is F. Under
constant pressure, the specific heat is Cp, uniform velocity is
denoted by U, the electric conduction of fluids is o, and the
acceleration brought on by gravity is g. The mass expansion
coefficient is beta* while the volume expansion (thermal)
coefficient is 8. Or = (T — Tw) O represents heat pro-
duction, while fluid density is denoted by p. It is significant
to notice that equation enforces thermal and solid bound-
ary requirements equation (5) adheres to Gebhart’s et al. [30]
technique and represents the involvement of wall direc-
tion on the solutal (species concentration) fields and tem-
perature. Despite this, they are neither non-isothermal nor
non-isosolutal because the streamwise coordinates remain
constant. Although it is not taken into consideration in the
current study, this could offer future model development.
Particularly in MHD ocean generator conditions, it is impos-
sible to entirely regulate thermal and species impacts at the
wall. With the existing fluid dynamics methods, imitating
the whole spatial or temporal variety of such processes is
impossible. Some logical and verified assumptions must be
taken to construct a solid boundary value problem. These
assumptions are based on boundary-layer theory in accor-
dance with Gebhart [30]. This offers a credible estimation of
the phenomena of near-wall transport. Analytical solutions
are not possible for the BVP posed by the Eqgs (1)-(4) under
BCs (5). Numerical solutions are the sole practical choice
for primitive variables. In terms of significant dimensionless
variables, even numerical methods to the fundamental bound-
ary value problem, including those based on finite elements
or finite differences, fail to solve the problem. The problem
is then made dimensionless by adding similarity transforma-
tions, which convert the mathematical model from a partial
differential equation (PDE) to a system of ordinary differ-
ential equations (ODE). This keeps many crucial physical
elements of the transport phenomenon under research while
considerably simplifying the numerical solution.
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IIl. TRANSFORMATION OF MODEL
Defining the dimensionless variables before continue with the
analysis is as follows:

n=w3%
v

= V2vUoXf (n),

6 = 60p) = —Tw S — Seo
BRI U I
_ o
o

_w

VT Tx ©

The notation section defines each parameter. These are intro-
duced into equations (1)-(4) to produce the system non-linear
DEs:

"+ +GOsine —Mf' =0 @)
0" +P.f0 +P.ad =0 (8)
¢N + Pxfd)/ + PSS,«QN =0 (9)
The BCs reduce to:

At£(0) = 0; f/(0) = 0, 6(0) = sina, $(0) = 1
As n—>oo:f =0=¢ =0 (10)

in above differential equations, the 7 is independent variable
and G, = 2 gB (T,, — Tso) X /Up? is Grashof number (ther-
mal), M = 20 80>X /Uy is local MHD body force parameter,
P, = vpC,/K is the Prandtl number, where the modified
Prandtl number, P; = vpC;/K, the heat source parameter is

a = 2XQ* /UopCp, and the Soret number (thermodiffusion)

is§, =3¢ g §°° . Surface shear stress (skin-friction coef-

ficient), Nusselt number (heat transfer rate), and Sherwood
number are engineering design parameters that are important
for energy systems (salinity transfer rate) which are computed
respectively by the following expressions:

Cr R)™'? = —f(ON, R,)~'/?

= —0'(0)S) (Re)™"/* = —¢/(0) (11)

where local Reynolds number is denoted by Re.

IV. PROPOSED METHODOLOGICAL APPROACH

Artificial neural networks (ANNs) model the structure and
operation of the human brain in a computer. These systems
are modelled on the biological cortex, which is dynamic and
distributed across hundreds of millions of tiny processors
called neurons. ANNSs are composed of connected processing
components called nodes, which form numerous process-
ing stages called layers that are interconnected into layers
at various depths. These form complex processing circuits
that recognize patterns in data and produce responses. The
patterns can be learned by training to produce layers that
associate responses with incoming data in specific patterns
knowledge. The network learns through training, and when
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connected to other networks, it can learn by sharing informa-
tion. An ANN’s structure is made up of only an input layer,
a hidden layer that gets added first and then the output layer.
Various industries are using applications of Neural Networks
to solve economic, security, and other problems. Neural net-
works have opened new avenues for research and applications
in the data-intensive world. [62], [63]. For data analysis and
modelling, Al has recently been extensively used in social
science and the arts [64]. Artificial intelligence (AI) has been
recently implemented widely to solve optimization problems
in various contexts, including business and industrial produc-
tion and health care. It is one of the new technologies that can
benefit from deep learning [64], [65].

The field of artificial intelligence (AI) has advanced to
the point where ANNs have proven to be useful models
for classification, clustering, pattern recognition, and pre-
diction in various fields. The predictive power of machine
learning models is now competitive with that of traditional
statistical and regression models [66]. Currently, hotspots
and fascinating issues in information and communication
technology include AI (machine learning, neural networks,
deep learning, robotics), information security, big data,
cloud computing, the internet, and forensic science (ICT).
In terms of data analysis factors, including accuracy, pro-
cessing speed, latency, performance, fault tolerance, volume,
scalability, and convergence, ANNs’ complete applications
can be assessed [67], [68]. The high-speed processing offered
by ANNSs in a massively parallel implementation has consid-
erable potential, which has increased the demand for study
in this area [69]. ANNs can be created and used for a variety
of tasks, including image recognition and natural language
processing. Artificial neural networks (ANNs) are a powerful
tool for solving a wide range of problems, including function
approximation. They are particularly well-suited for tasks
that require the ability to learn and adapt based on experience,
as they are able to “learn” from training data and improve
their performance over time. ANNs are also highly fault-
tolerant, as they can continue functioning even if some of
their components fail. Additionally, ANNs can capture non-
linear relationships in data, making them useful for modelling
complex systems. Finally, ANNs can map input to output
with a high degree of accuracy, making them useful for many
practical applications [70]. Interconnected neurons and nodes
make up the basic building blocks of ANNs. They aggregate
input in a specified fashion, accept input, and then perform
various nonlinear operations to produce output. The input,
weight, threshold, summing junction, and output of an ANN
are shown in Figure 2 as their architecture. The connection
weights are multiplied by the input ¢y in the fundamental
model of ANNSs, and a bias is added to transform the inputs
into the desired outcomes. The net input is computed as
follows:

N
Uy = ZWklk — Bk (12)
k=1
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To find solution of model i.e outputs f(¢), 0(¢) and ¢(¢),
Log-sigmoid function is taken as activation function, given
in equation (13):

SO = (13)

l+e
where N is the number of inputs. The output (OP) will be
become as

OP, =S (uy) (14)

with more simplified form it will get the shape

1

Sue) = 1 + e=Wktk—=Br)

15)
A. TRAINING PROCEDURE OF WEIGHTS

This section discusses the training procedure of weights by
using Matlab neural net fitting tool (nf-tool) as a surrogate
model. A reference input is required for a surrogate model,
which is modelled to the targeted output. The reference input
is generated by built-in function of Mathematica NDSolve.
The working procedure of NDSolve is based on Runge-Kutta
order four (RK4). The reference input or solution is generated
between O to 1 for 1001 points by taking step size 0.001.
For proper validation, training and testing of the problem,
Levenberg-Marquardt soft computing technique is used. Fur-
thermore, the solution is evaluated by mean square error
(MSE), error histogram, absolute error and regression (R?).

k
1 R
MSE = - ; (x(1) — %(1))*. (16)
> &) - 5m)
K (0 —5)*

RP=1- (17)

and

AE = |x;(t) — %i(1)

, J=12,...,k (18)

V. COMPUTATIONAL EXPERIMENTATION

In order to determine velocity profile, temperature, and salin-
ity profile ('), 6 (¢), respectively, variations for the effects
of the magneto-hydrodynamic body force parameter (M), the
Grashof number (G, ), the Prandtl number (P, ), the modified
Prandtl number (Py), the heat source parameter (&), and the
Soret number (S;).

In this section, certain examples of the ocean energy gener-
ator are considered based on variation of various parameters.
The cases of the problem are given in table 1 discussed in this
paper.

Example I - Grashof Number: In this example, the vertical
plates are considered under the influence of Grashof number
(G,). The inclination of plate depends on angle «. The values
of rest of the parameters are given in table 1. By putting
values, the model becomes as given:

" +ff" + Gr0sin90°—f' =0 (19)
0" +0.125 6’ 4 0.1250 = 0 (20)
57051



IEEE Access

M. F. Khan et al.: Computational Study of Magneto-Convective Heat Transfer

14 1
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FIGURE 3. Example I: Effect of variations of G, on velocity, temperature and salinity profile.

TABLE 1. Examples created by variation of parameters.

Example Case a M P, @ P S, G,
A 90° 1.0 0.125 1.0 10 1.0 5.0

I B 90° 1.0 0.125 1.0 10 1.0 15

C 90° 1.0 0.125 1.0 10 1.0 25

A 90° 1.0 0.5 0.5 1.0 1.0 4.0

I B 90° 1.0 0.5 0.7 1.0 1.0 4.0

C 90° 1.0 0.5 1.0 1.0 1.0 4.0

A 90° 0.0 0.125 05 10 1.0 1.0

I B 90° 1.0 0.125 05 10 1.0 1.0

C 90° 2.0 0.125 05 10 1.0 1.0

¢" + 10f¢' + 100" =0 1)

Example 1l - Heat Source Parameter: In this example
the vertical plates are considered under the influence of
heat source parameter . The inclination of plate depend on
angle . The values of other parameters are given in table 1.

57052

The model is given as:

" 4+ " + 46 sin90°—f' =0 (22)
0" +0.5f0" +0.5a0 =0 (23)
¢//+f¢/+9//=0 (24)

Example III - Magnetic Parameter: In this example the ver-
tical plates are considered under the influence of Magnetic
parameter M. The inclination of plate depend on angle . The
values of other parameters are given in table 1. The model is
given as

"+ +05in90° — Mf' =0 25)
0" +0.125 £0' 4+ 0.125 x 0.50 = 0 26)
¢" + 10f¢' + 100" =0 Q7

A. RESULTS AND DISCUSSION

The network is trained using by taken 10 hidden networks
and 15% of data is trained and tested and 75% of data is val-
idated for the evaluation of performance of the network. The
performance is also evaluated by regression. The details of
each variable and its errors in validation, testing and training
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TABLE 2. Training, testing and validation data.

Case  Hidden Neurons Training Testing Validation Iterations Regression
A 10 7.52E-12  8.15E-12 9.74E-12 29 1
B 10 3.47E-09  6.53E-09 1.56E-09 51 1
C 10 1.47E-09  3.46E-09 1.56 E-09 64 1
A 10 2.41E-09 5.23E-09 1.26 E-09 52 1
B 10 9.24E-11  8.31E-11 1.16E-10 21 1
C 10 3.22E-10  5.68E-10 1.18E-10 35 1
A 10 1.95E-11 2.67E-11 2.91E-11 124 1
B 10 7.00E-12 8.22E-12 8.16E-12 103 1
C 10 1.09E-09 1.21E-09 1.17E-09 125 1
TABLE 3. Training, testing and validation data.
| Problem | Case | Hidden Neurons | Training | Testing | Validation | Iterations | Regression |
|1 A 10 | 7.65E-15 | 6.28E-15 | 6.28E-15 | 129 | 1.0 |
\ | B | 10 | 1.12E-15 | 4.57E-15 | 5.04E-15 | 128 | 1.0 |
\ ¢ | 10 | 2.20E-14 | 8.88E-15 | 1.18E-15 | 123 | 1.0 |
| o A 10 | 2.35E-15 | 6.22E-15 | 4.81E-15 | 123 | 1.0 |
\ | B 10 | 1.95E-13 | 3.10E-13 | 2.89E-13 | 127 | 1.0 |
\ | ¢ | 10 | 8.85F-15 | 8.88FE-15 | 9.81E-15 | 128 | 1.0 |
| T A 10 | 2.20F-14 | 2.08F-14 | 2.56F-14 | 141 | 1.0 |
\ | B 10 | 4.80F-15 | 4.40E-15 | 4.61E-15 | 128 | 1.0 |
| | ¢ | 10 | 4.89F-15 | 4.92E-15 | 5.03F-15 | 128 | 1.0 |
TABLE 4. Example I: Numerical comparison of proposed results and RK4.
Gr=5.0 | =15 | Gy =25
" (1) (1) $(n) f'(n) 0(n) 6(n) | 0] 0(n) 6(n)
Proposed RKA Proposed RKA Propased RKA Praposed RKA Proposed RKA Proposed RKA 5 Proposed RKA
0.0 0.0000000  0.0000000 | 1.0000000 1.0000000  1.0000000 | 0.0000000  0.0000000 | 1.0000000 1.0000000 | 1.0000000 1.0000000 | 0.0000000  0.0000000 1.0000000  1.0000000 | 1.0000000  1.0000000
0.25 | 0.2521457  0.2521459 | 0.7559243 0.6198106  0.6198106 | 0.7445232  0.7445231 | 0.7540120 0.7540120 | 0.5211940 0.5211940 5! 1.2215997 | 0.7521808  0.7521807 | 0.4519714  0.4519714
0.50 | 0.2820272  0.2820271 | 0. 52 ( 551 | 0.3269603  0.3269604 | 0.8190221  0.8190222 | 0.5030546  0.5030547 | 0.2000098  0.2000098 1.3220839 | 0.5000053  0.5000052 | 0.1338106  0.1338105
0.75 | 0.1723245  0.1723245 | 0.2534709  0.2534710 | 0.1278976  0.1278975 | 0.4862981  0.4862980 | 0.2506345 0.2506345 | 0.0565351  0.0565352 0.7636830 | 0.2479562  0.2479563 | 0.0348123  0.0348125
1.0 0.0000000  0.0000000 | 0.0000000 0.0000000 | 0.0000000 0.0000000 | 0.0000000 0.0000000 | 0.0000000 0.0000000 | 0.0000000 0.0000000 | 0.0000000  0.0000000 | 0.0000000 0.0000000 | 0.0000000 0.0000000
TABLE 5. Example II: Numerical comparison of proposed results and RK4.
| a=05 | a=07 | a=10
\eta | ' (n) 0(n) (1) | () 0(n) o(n) | £/(n) 0(n) B(n)
|_Proposed RK{ | Proposed RK4 | Proposed RK4 | Proposed RK4 | Proposed RK4 | Proposed RK4 | Proposed RK4 | Proposed RK4 | Proposed RKA4
0.0 0.0000000  0.0000000 | 1.0000000  1.0000000 | 1.0000000  1.0000000 | 0.0000000  0.0000000 1.0000000  1.0000000 1.0000000  1.0000000 | 0.0000000  0.0000000 1.0000000 | 1.0000000  1.0000000
0.25 | 0.1476724 0.1476725 | 0.6481338  0.6481337 | 0.7356224  0.7356224 0.2050854  0.2050855 | 0.7664112  0.7664112 | 0.7273943  0.7273942 | 0.2078807  0.2078806 0.7751357 | 0.7186309  0.7186314
0.50 | 0.1659066  0.1659067 | 0.4357642  0.4357643 | 0.4822367  0.4822369 | 0.2302525 0.2302526 | 0.5170789  0.5170789 | 0.4726231 0.4726232 | 0.2339626  0.2339627 0.5271026 | 0.4625747  0.4625746
0.75 | 0.1020186  0.1020186 | 0.2182782  0.2182781 0.2378369  0.2378369 | 0.1411989  0.1411988 | 0.2592167  0.2592167 | 0.2317154  0.2317152 | 0.1436697  0.1436698 . 0.2654598 | 0.2254913  0.2254913
1.0 0.0000000  0.0000000 | 0.0000000 0.0000000 | 0.0000000  0.0000000 | 0.0000000 0.0000000 | 0.0000000  0.0000000 | 0.0000000  0.0000000 | 0.0000000 0.0000000 | 0.0000000  0.0000000 | 0.0000000 0.0000000

is given in table 2 and 3. While the comparison of results are
reported in table 4 and 5.

In figure 3, the velocity, temperature and salinity pro-
files of Example I are given. The effect in these profiles is
due to variation in Grashof number (G, ). In figure 3a, the
velocity profile increases and, by achieving its maximum
value, decreases. The behaviour of velocity profile gives the
parabolic shape. While the variation of G, do not much effect
the temperature profile. And the salinity profile can observe
in figure 3c with increase in G, value.

As in figure 3, for some distance from the plate surface into
the boundary layer, a large decrease in velocity coincides with
a rise in Grashof number. G, = 2 g (T, — TOO)X/U(%. The
parameter replicates the relationship between the buoyancy
(natural convection) and the viscosity in the region. Viscous

VOLUME 11, 2023

force is outweighed by buoyant force when G, > 1. As a
result, the flow slows down closer to the plate surface as buoy-
ancy increases. The magnitudes of the velocity decrease with
increasing inclination angle as opposed to a = 90°. It is obvi-
ous that the no change in G, will decrease the buoyancy force
as sin90(= 1) > sin120(= 0.8660). The buoyancy force over
vertical plate will be greater than the buoyancy force over
inclined plate, which will slow down the former. Therefore,
plate orientation is a crucial geometric factor that can be
used to alter the MHD ocean generating system’s transport
properties.

The performance of NN-LMA on example I is given in
figure 4. These data out of 100%, 15% is tested, 15% is
validated, and the rest of 70% is trained. From figures, it can
observe that the training, testing and validation converge
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FIGURE 4. Example I: Convergence graphs.
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FIGURE 5. Example II: Effect of variations of & and Ps on velocity, temperature and salinity profile.

to the same point, which shows the best performance of error (MSE). In figure 4a, b and c, the performance/MSE lies
NN-LMA. The performance is evaluated by mean square in between 10712-10~13,

57054 VOLUME 11, 2023



M. F. Khan et al.: Computational Study of Magneto-Convective Heat Transfer

IEEE Access

Best Validation Performance is 1.2627 < 10°° at epoch 52

Train
= = = =sValidation

2
10 — Test
Best

Mean Squared Error (mse)

(1] 10 20 30 40 50
52 Epochs

(a) Example IT: Convergence graphs of f

10°

S,

Mean Squared Error (mse)

1010

Best Validation Performance is 4.809¢-15 at epoch 123

Mean Squared Error (mse)

0 2 © ® ® 10 )

123 Epochs

(b) Example IT: Convergence graphs of 0

Best Validation Performance is 2.4353 x10* at epoch 141

Train
== Validation

0 20 40 60

80 100 120 140

141 Epochs

(¢) Example II: Convergence graphs of ¢

FIGURE 6. Example II: Case-A convergence graphs.
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FIGURE 7. Example II: Case-B performance graph.

The velocity, temperature and salinity profiles of exam-
ple II are given in figure 5. A slight velocity increase is
observed with parameter o and Ps at an inclination of 90°.
The velocity, temperature and salinity profiles are shown in
subfigure 5a, b and c, respectively.
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In figure 6-8, the performance of example II is given each
sub-figure a, b and ¢ shows the performance of variable f, 6
and ¢. The performance of Case-A is given in figure 6. The
training, testing and validation converge to same point. The
best performance value of Case-A is between 10799 — 10715,
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FIGURE 9. Example llI: Effect of variations of magnetic parameter on velocity, temperature and salinity profile.

(c) Effect of magnetic parameter on Salinity Profile

the values of Case-B is between 10710 —

performance values of Case-C lies between 10710 —

57056

10714 and the
10715,

The velocity, temperature and salinity profiles of example II
are given in figure 9. The performance of Example III is
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given in figures 10-12. The data of training, validation and
testing converges to the same point. Which shows the best
performance of the NN-LMA technique. The MSE of Case-A
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FIGURE 11. Example llI: Case-B performance graphs.

1079 — 10715,

for each variable is between 10~11 — 10~15, the value for
Case-B lies between 10712 — 10~!15 and for Case-C MSE are
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FIGURE 13. Example I: Analysis of solution via regression obtain by NN-LMA.

B. EVALUATION OF NN-LMA BY REGRESSION better data. The data of validity, training, and testing is also

Regression is used to determine the strength of the data. evaluated by regression. Each data that is validation training
As much the regression value converges to 1; it indicates and testing is evaluated separately, and this data is combined
57058
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FIGURE 14. Example II: Case-B analysis of solution via regression obtain by NN-LMA.

Training: R=1 Validation: Re1 3 Training: R=1 Validation: R=1

0 s
—

var

Output = 1*Target + 5.410°7
Output ~= 1°Target + -2.710°%
Output ~= 1°Target + 1.2 10"

05 01 ot

Output —= 1"Target + 1.2 107

02 04 06 08

0 02 04 05 08

Target Target Target
Test: R=t P Test: Ret AllRet
X3 ot ! . 1
o om 0 bas
—i o8] [—F 08
Ve

Ve,

1*Target + 2.4109¢

Output ~= 1*Target + 7.4 1077

Output ~= 1“Target + 1.2 1077
Output ~= 1"Target + 1.2 1077

Output ~

02 06 05 08 1

0 oot
Target Target Target Target

0 o 01 0 015 ] 05 1

(a) Analysis of solution via regression f (b) Analysis of solution via regression 0

Training: R=1 Validation: R=1

0 o
—

[

0 o

—Fi

ver

Output ~= 1*Target + 1.1:10°7
Output ~= 1-Target + 1.1 107

05 02 04 05 08
Target Target

Test: R=1 5 All:R=1

—

V-1

Output ~= 1*Target + 1.1 1077
Output ~= 1°Target + 1.1 107"

02 04 05 08 05 1
Target Target

(¢) Analysis of solution via regression ¢

FIGURE 15. Example II: Case-C analysis of solution via regression obtain by NN-LMA.

and analyzed. The analysis is given in the figures 13-18. The regression figure, for example I is given in figure 13.
In figures, 13-18, in each subfigure, first, second and third In each case, it can be seen that the regression is 1, which
figure shows a regression for training, validation and testing, indicates the best performance of proposed procedure. Along
respectively. While the fourth figure shows regression of y-axis, the given expression is the surrogate solution, for
whole data. example I. In figure 14-15, the regression of example II

VOLUME 11, 2023 57059



IEEE Access

M. F. Khan et al.: Computational Study of Magneto-Convective Heat Transfer

Training: R=1

e 2 Validation: R=1 s Training: R=1 5 Validation: R=1
% 5, % G
% % % ([0 om %
-4 b Nos o
# +0 * +
8 8 806 o8
§ ] § ]
Eow Fon g 5
[ r Fos Fos
Ton Lo 1 1o
H 3 H 3
H i H i
HE H e 3
80w o 0w o S 0 oo 0w om o 8% 2 o o o S T oo
Target Target Target Target
- Test: R=1 - All: R=1 - Test: R=1 & All: R=1
5 b % b
% % % %
4 s dos Aoy
3 2 B! 3
¥ : ! :
3 H o0 oo
fon Y £ g
£ £ Foe Fos
Voo
ton Tow Ty [
g H g H
H i H i
I 3 H 3
8% oo ow om om 8 % oo ow om o 8 TTh % w 3% o i
Target Target Target Target
(a) Analysis of solution via regression f (b) Analysis of solution via regression 6
A Training: R=1 . Validation: Re1
£ %!
T 4
20 2o
+ %
goe g
Eos Foe
4 [
V !
1oz S
H i
1) 3
3 i A—
8% w2 w w 02 0 o6 08 1
Target Target
2 Test: R=1 2 All:R=1
b o
X % o ou
Sop <05
3 a =
: i
oo %0
g g
§ g
Fos Fos
V v
Yoo Yo
g 3
i i
3 3 o
o 02 04 06 08 6 05 i
Target Target
(c) Analysis of solution via regression ¢
FIGURE 16. Example IlI: Case-A analysis of solution via regression obtain by NN-LMA.
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FIGURE 17. Example lll: Case-B analysis of solution via regression obtain by NN-LMA.

is given. The two cases of example II are presented. The splitin training, validation and testing. The surrogate solution
regression in both cases is 1. The data of example II is also is also given along y-axis for each case. The figures 16-18
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are regression of performance of example III. All three cases
are given. Similarly, as in example I and example II, the data
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FIGURE 18. Example IlI: Case-C analysis of solution via regression obtain by NN-LMA.
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FIGURE 19. Example I: Case-A training statistics.
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of example III is also distributed in training, validation and
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FIGURE 20. Example II: Case-A training statistics.
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FIGURE 21. Example II: Case-B training statistics.

C. TRAINING STATISTICS

This section is about the provision of statistic of solutions.
The statistics of each solution obtained by NN-LMA are
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given in figures 19-24. The minimum mean square error,

figures.

validation check and number of iterations are shown in
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FIGURE 22. Example II: Case-C training statistics.
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FIGURE 23. Example III: Case-A training statistics.

The statistic of example I is given in figure 19.
The gradient of each variable lies about 107 with
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iteration from 152 to 235. The validation check for all
the variable f, 6 and ¢ are zero and Mu lies between
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FIGURE 24. Example IlI: Case-B training statistics.
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FIGURE 25. Example I: Case-B error graphs.

1079 - 10~!"". The statistics of example II are given 10798 — 1079, The solution of case-A is obtain by iteration
in figure 20-22. The gradient of each variable lies about from 52 to 141. The validation check for all the variable f,
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FIGURE 26. Example II: Case-A error graphs.
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FIGURE 27. Example II: Case-B error graphs.

6 and ¢ are zero and Mu lies between 1079 - 10712, 10799 - 10712, For case-C, the iteration are 35-138 and Mu
For case-B, the iteration are 28-171 and Mu lies between lies between 10710 - 10713, The statistics of example III
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FIGURE 29. Example IlI: Case-A error graphs.

are given in figure 23-24. The gradient of each variable lies from 15 to 125. The validation check for all the variable f,
about 10798, The solution of case-A is obtain by iteration 6 and ¢ are zero and Mu lies between 10712 - 10714,
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FIGURE 30. Example IlI: Case-B error graphs.

For case-B, the iteration are 15-163 and Mu lies between
1071 - 10714,

D. ERROR HISTOGRAM

An error histogram represents the distribution of errors in a
dataset or model predictions. It provides a visual representa-
tion of the frequency or count of different error values. The
numerical meaning of an error histogram can vary depending
on the context, but it typically indicates the distribution of
errors, allowing to analyze the bias, variability, or overall
performance of a model. The error in training, validation and
training data is drawn using histogram. The drawn histograms
are given in figures 25-31. The histograms for all the exam-
ples are distributed in 20 Bins. The midline shows zero error.
The left side of zero error consists of errors from minimum
to maximum error, and negative side also shows errors from
minimum to maximum.

The histogram of example I case-B is given in figure 25.
The errors in each variable are given in separate figures. From
figure, it can be seen that all the errors are accumulated about
zero error. The error in f is about 1073 and 10~7, in 6 errors
lies in the range 10~/ — 10~® and similarly, the errors in ¢
are also about 10~7 — 1078,

VOLUME 11, 2023

Based on the analysis of ranges of errors, the error his-
tograms in all figures shows that the errors are centered
around zero. This indicates, the model’s predictions are close
to the true values.

The histograms of example II are presented in
figures 26-28. In figure 26, the histogram of case-A can be
observed. The errors in f are spread over all 20 bins and lie
in arange 1073 — 1075, The errors in @ and ¢ are converged
toward zero errors and lies between 10~/ — 1078.

In figure 27, the histograms of case-B are reported. The
errors in f lies in a range 107> — 10~7. The errors in 6
and ¢ are lies between 10~7 — 108 and the range of ¢ is
1077 — 107°. All the errors are accumulated about zero
errors. The histogram of case-C is given in figure 28. All
variables’ errors are in the range 107> — 108, The histograms
of example II are presented in figures 29-31. In figure 29, the
histogram of case-A can be observed. The errors in f are lies
in a range 107% — 107 The errors in 6 and ¢ are converged
toward zero errors and lies between 10~/ — 10710,

Figure 30 presents the histograms of case-B. The errors in
f lies in a range 10~% — 107 The errors in 6 and ¢ are lies
between 10~7 — 10719 and the range of ¢ is 10~7 — 1078, All
the errors are accumulated about zero errors. The histogram
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FIGURE 31. Example lll: Case-C error graphs.

of case-C is given in figure 31. All variables’ errors are in the
range 107> — 10710,

VI. CONCLUSION

In this article, the ocean energy generator is considered with
Soret effect. The Soret effect has a significant influence on
salinity of water. The transportation over an inclined surface
is considered under the impact of heat production and Soret
effect (thermodiffusion). The ocean energy generator consists
of velocity, temperature gradient and salinity. The system is
modelled mathematically. For the numerical analysis, the sys-
tem is transformed into an optimisation problem. A numer-
ical technique, NN-LMA, is designed for the optimisation
pirocedure using Levenberg Marquardt algorithm and neural
network (NN-LMA). Using mean square error, the fitness
function is developed. The solution found by NN-LMA is
evaluated with reference solution of RK4. The performance
of NN-LMA is evaluated by different means, such as training,
validation and testing. The evaluation results are presented
graphically. The best performance of NN-LMA can be clearly
observed from regression graphs.

Moreover, histograms are used to illustrate the errors.
The NN-LMA algorithm consistently delivers reliable perfor-
mance. The domain of NN-LMA can be extended to various
physical and biological problems, allowing for investigation
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of its potential integration with other renewable energy tech-
nologies, such as wind or solar power, to create more efficient
and sustainable hybrid systems. This may involve exploring
different methods for energy storage and distribution, as well
as developing new control and monitoring systems for the
integrated energy systems.

ABBREVIATIONS
NN Neural Network
ANN  Artificial neural network
Al Artificial intelligence
Re Local Reynolds number
Sr Soret number
Pr Prandtl number
o Inclination angle
o Heat source parameter
Gr Grashof
RK4  Range-Kutta order four technique

LMA Levenberg Marquardt algorithm
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