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Abstract: In nanofluids, the effect of convection in the
presence of double diffusivity on a magneto couple stress
fluid with the peristaltic flow of a model in a non-uniform
channel (MCSFM) is reviewed in this article. This research
discusses MCSF in a non-uniform channel by applying the
Levenberg-Marquardt procedure via an artificial backpro-
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pagated neural network (LMP-ABNN). For two-dimensional
and two-directional flows, mathematical formulations of
double-diffusivity convection of a magneto couple stress
fluid in nanofluids are developed. The partial differential
equations are reduced to ordinary differential equations
by using appropriate transformations. The assessment of the
Hartmann number, thermophoresis parameter, Dufour para-
meter, Soret parameter, and magnetic Reynolds number over
concentration profiles and temperature profiles is made by
generating a dataset for LMP-ABNN based on the ND solve
method for different variations of MSCFM. To examine the
approximate solution validation, training and testing proce-
dures are interpreted, and the performance is verified
through error histogram and mean square error results.
The extremely nonlinear equations are reduced by employing
a long-wavelength approximation and a low but finite
Reynolds number. To describe the behavior of flow quanti-
ties, graphical representations of a variety of physical char-
acteristics of importance are shown. The impact of the
Hartmann number and magnetic Reynolds number over
axial magnetic field and current density is also studied.
The concentration increases as the thermophoresis para-
meter and Dufour parameter values increase. This occurs
because the concentration and both these parameters have
a direct relationship. We observed opposite behavior for
both the magnetic Reynolds number and the Hartman
number. The behavior of current density J, increases with
increasing values of Ry,. Both the temperature distribution
and solute concentration increase. The final outcome of this
study is to provide the potential for these techniques to
provide new insights and solutions to challenging problems
in nanofluids and other areas of fluid mechanics and to
facilitate the design of more efficient and effective micro-
fluidic devices.

Keywords: double diffusivity, nanomaterial, peristalsis, non-
uniform channel, low Reynolds number, induced magnetic
field, couple stress fluid, backpropagation networks
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Nomenclature

A channel half-width at axial distance X
B wave amplitude

Bc volumetric solutal expansion

C propagation of velocity

C solute concentration

Dy Brownian diffusion coefficient

Dg solutal diffusivity

D1c Dufour diffusivity

Dy thermophoretic diffusion coefficient
Der Soret diffusivity

E induced electric field

G acceleration due to gravity

Gre thermal Grashof number

Grc solutal Grashof number

Ggs Grashof number for nanomaterials
Iz current density

Le Lewis number

L, nanofluid Lewis number

M Hartmann number

Np Brownian motion parameter

Nrtc Dufour parameter

N thermophoresis parameter

Ner Soret parameter

P pressure

P, Prandtl number

Pm sum of ordinary and magnetic pressures
Re Reynolds number

Rn magnetic Reynolds number

S Stommer’s number

T time

T temperature

u,v velocity components in the Cartesian form
a amplitude ratio

0 dimensionless temperature

o electrical conductivity

y dimensionless solutal concentration
Q volume fraction of nanoparticles

Y stream function

U magnetic permeability

Ps fluid density

Py mass density of nanoparticles

Br volumetric thermal expansion

¢ thermal conductivity

(pc):r  heat capacity of the fluid

e volume fraction of nanoparticles

u viscosity of the fluid

by half-width at the inlet

(pc)p  heat capacity of nanoparticles

€ magnetic diffusivity
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of, fluid density at T,
1) wave number

1 Introduction

A nanofluid, which consists of nano-sized particles sus-
pended in liquid, has emerged as a promising candidate
for heat transfer fluid design. Nanofluids are a novel type
of nanotechnology-based heat transfer fluid. Nanofluids
are created by distributing and stabilizing nanoparticles
in conventional heat transfer fluids. Nanofluid technology
could open up new avenues for developing nanotech-
nology-based coolants for a wide range of engineering
and medicinal applications. As a result, nanofluid research
has blossomed into a new field of scientific inquiry with
cutting-edge applications. Also, nanofluids are a hot topic
in both basic and practical research around the world.
These fluids are employed in atomic reactors, hardware,
and medical applications. The peristaltic mechanism is
a fascinating phenomenon that has captivated the interest
of many scientists due to its physiological and industrial
uses. Peristalsis involving Newtonian and non-Newtonian
fluids with various flow geometries has a significant range
of literature. The urinary system, nutrient transporta-
tion in the intestinal system, reproductive tracts, and the
female fallopian tube are all instances of peristaltic flows.
Peristaltic flows are extensional flows since they comprise
a sequence of propagating converging—diverging flows. As
a consequence, in research studies of peristaltic flows,
rheological models with good performance in extensional
flows should be used. In 1966, Latham initiated the concept
of the peristalsis mechanism and it was first observed and
reported by Hardy and McDougall in 1894. In recent years,
peristaltic movement research has gained popularity due
to its importance in the transfer of liquids in biological
systems.

A revolutionary wave of place expansion or contrac-
tion along the bendy channel dividers initiates this fluid
motion mechanism. Peristalsis has recently attracted much
interest from researchers. Since the innovative research of
Latham [1] and Shapiro et al. [2], numerous experimental
and theoretical initiatives on peristalsis have been made.
Husseny et al. [3] analyzed the flow separation of peri-
staltic transport for Maxwell fluid between two coaxial
tubes. The peristaltic motion of non-Newtonian fluids has
been a major topic in chemical, biomedical, and environ-
mental sciences and research recently. A great body of
research has been conducted [4-9]. Stokes proposed the
notion of the couple-stress fluid in 1966. Couple-stress fluid
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is used in a variety of applications, including the scientific
research of synovial joint lubrication mechanics. A human
joint is a dynamically loaded bearing in which the bearing
is articular cartilage and the lubricant is a synovial fluid.
When a fluid is formed, squeeze-film action can signifi-
cantly preserve the cartilage surface. The containing types
of joints of the human body are the shoulder, ankle, knee,
and hip joints. These joints provide low friction and very
little erosion. The importance of non-Newtonian fluids was
taken into consideration. This article explored thermal
convection in a couple-stress fluid in the presence of
a uniform vertical magnetic field and uniform rotation.
The rotation has a stabilizing effect on stationary convec-
tion. Also, regulating and destructive effects are occurring
due to magnetic field and couple stress. Kumar [10] studied
the couple-stress fluid with magneto-rotatory thermal con-
vection. Walicki and Walickia [11] analyzed the couple-
stress fluid in biological bearing with the inertia effects
in the squeeze film. Sharma et al. [12] analyzed the beha-
vior of suspended particles heated from below along with
couple-stress fluid permeated. Hayat et al. [13] studied the
influence of a magnetic field in the three-dimensional flow
of couple-stress nanofluid over a nonlinearly stretching
surface with convective conditions. Some efforts in this
direction are mentioned here [14-21]. Conventional energy
transfer is absolutely critical and occurs in a range of phy-
sical situations. Mixed convection has attracted greater
attention than the other two forms of convection. When
forced and free convections occur at the same time, this is
known as mixed convection. Mixed convective energy
transfer is investigated under various physical conditions
and with various boundary limitations. Due to mixed con-
vection, Prasad et al. [22] evaluated energy transfer in a
horizontal tube filled with nanofluids. Among the impor-
tant investigations on mixed convection energy transfer
are the efforts of Hasnain et al. [23]. Yang et al. [24] have
published a thorough investigation of the effective thermal
conductivity of random hybrid polymers. Sharma et al. [25]
used nanoparticles for peris non-Newtonian fluid peri-
staltic transfer to construct a mathematical model. The
influence of nanofluids on peristaltic movement in an
unequal channel was investigated by Khan et al [26].
Khan [27] also proposed a two-issue four-equation non-
homogeneous equilibrium model for mass, momentum,
and warmth transport in nanofluids. Bottemanne [28] inves-
tigated the natural boundary layer convection flow of a
nanofluid. The influence of heat convection has been exam-
ined in various studies [29,30].

Artificial neural networks (ANNs) are inspired by the
brain’s diffuse, highly parallel computing, which allows it
to perform so well at difficult navigation and recognition
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tasks. Almost all artificial nodes are basic rational equa-
tions, in which variables are indeed the weighted combi-
nation of the node’s data. Many numerical computing
models have recently been put into practice in a wide
range of fields, including nonlinear systems emerging in
hydrodynamics [31,32], biomedical mathematics [33,34],
and pantograph systems [35-37]. In second-grade fluid,
an ANN is employed to study the physical aspects of heat
generation [38], wire coating technique [39], and biocon-
vective flow model [40]. A robust ANN method called the
backpropagation ANN model was able to establish ambiguous
and nonlinear connections between the input biomarkers
and the goal value by replicating complex processor neurons.
The ANN successfully learns the association between model
parameters and model parameters after numerous training
sessions [41,42].

ANNs, genetic algorithms, and machine learning algo-
rithms are examples of intelligent computing paradigms
that can be used to examine the behavior of a Ree-Eyring
fluid in a nanofluidic system [46]. The ohmic heating beha-
vior and entropy generation of the system can be predicted
by combining these intelligent computing paradigms with
mathematical models of the nanofluidic system. This can aid
in the design and improvement of nanofluidic systems for a
range of uses, including the administration of drugs, the
conversion of energy, and environmental cleanup. Raja
et al. [47] examined entropy production (EP) of a magneto-
hydrodynamics viscous fluid flow model (MHD-VFFM) sub-
ject to a variable thickness surface with heat sink/source
effect by utilizing the intelligent computing paradigm via
artificial Levenberg—Marquardt backpropagated neural net-
works (ALM-BPNNs). Shoaib et al. [48] presented the Dar-
cy-Forchheimer mixed convective flow model (DFMC-FM)
by utilizing the algorithm of Levenberg Marquardt with
backpropagated ANNs (ALM-BANN). In the study of Prasan-
nakumar [49], a horizontal uniform magnetic field is used to
regularize the flow field formed by a rotating disk. The
horizontal magnetic field that is applied is not the same as
the external upright magnetic field, and Bhatti et al. [51]
investigated the peristaltically produced motion of pair
stress fluid in the suspension of tiny particles. A non-uni-
form peristaltic wave is moving with a constant wave velo-
city. An electrically conducting, incompressible fluid with
irrotational motion is subjected to an extrinsic magnetic
field. Zeeshan et al. [52] centered on the mathematical study
and modeling of some key aspects of these flows in a rec-
tangular duct with wall characteristics. The effects of zeta
potential, heat source, and Debye length are also investi-
gated. Aqib et al [53] analyzed the impact of heat transfer
and magnetized Casson nanofluid flow on the boundary
layer flow on a nonlinear stretchable surface.
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Intelligent computing techniques have been widely used
in fluid mechanics to simulate complex fluid dynamics and to
predict fluid behavior in various applications. The double-
diffusive peristaltic rheology of magneto couple stress nano-
material is a particularly challenging problem due to the
presence of multiple physical phenomena, such as diffusion,
peristalsis, and magneto couple stress that interact with each
other in a nonlinear and complex way.

Recent studies have explored the use of various intel-
ligent computing techniques to model the double-diffusive
peristaltic rheology of magneto couple stress nanomater-
ials, including ANNs, fuzzy logic, genetic algorithms, and
particle swarm optimization. These techniques have been
applied to various aspects of the problem, such as pre-
dicting the flow behavior, optimizing the design of micro-
fluidic devices, and controlling the peristaltic flow. One
recent study used a hybrid intelligent algorithm based on
ANN and particle swarm optimization to simulate the peri-
staltic motion of magneto couple stress nanomaterials in a
micro-channel. The model was able to accurately predict
the flow characteristics and provided insights into the effect
of different parameters on the flow behavior. Another study
used a fuzzy logic-based model to optimize the design of a
micro-channel for the peristaltic flow of magneto couple
stress nanomaterials. The model was able to identify the
optimal channel geometry for maximizing the pumping
rate and minimizing the pressure drop.

The novelty of this research is the utilization of cut-
ting-edge computational approaches to study and simulate
the complex behavior of these materials in fluid dynamics,
and it makes intelligent computing novel for the double-
diffusive peristaltic rheology of magnetocoupling stress
nanomaterial.

Double-diffusive convection, peristaltic motion, and
magneto couple stress all occur together in nanomaterials
to create a complex problem that is tricky to tackle using
conventional analytical or numerical techniques. ANNS,
fuzzy logic, and genetic algorithms are examples of intel-
ligent computing methods that present a viable method for
modeling and forecasting the behavior of these materials
in intricate fluid systems.

These techniques can produce forecasts that are more
precise and effective than those made using conventional
techniques by utilizing the power of machine learning and
optimization algorithms. They can also provide insights
into the underlying physics of the system.

Moreover, the use of intelligent computing in this area
of research is still a relatively new and emerging field, with
many opportunities for further exploration and develop-
ment. There is a potential for these techniques to provide
new insights and solutions to challenging problems in
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nanofluids and other areas of fluid mechanics and to facil-

itate the design of more efficient and effective microfluidic

devices.

Classical fluid models are based on simplifying assump-
tions about fluid behavior that are often not accurate repre-
sentations of the complex dynamics of real-world fluids. As
such, they can be limited in their ability to accurately model
certain phenomena. However, classical models are still
widely used because they are relatively simple and compu-
tationally efficient and can provide useful approximations
for a wide range of applications. New experimentally ver-
ified models, on the other hand, may incorporate more accu-
rate representations of fluid dynamics and can potentially
provide more accurate predictions for specific applications.
However, these models can also be more complex and com-
putationally intensive, which can make them less practical
for certain types of simulations.

The important features of the authors of the study's
innovative use of the LMP-ABNN integrated computational
intelligence numerical solution:

* The worth and value of the suggested MCSFM were mea-
sured by analyzing the LMP-ABNN.

* The partial differential equations of MCSFM are con-
verted into ordinary differential equations by applying
some suitable similarity transformation.

* The ND-solve method is used to compute the dataset for
the presented model.

* The error histogram, regression analysis, and mean
square error plots are used to validate the performance
of LMP-ABNN.

The rest of the study is organized in the following
pattern: Section 2 gives a description of the model, Section
3 provides the solution of the model, Section 4 describes
the results and discussion of the outcomes, and the last
section gives the concluding remarks.

2 Description of the physical model

Considering a non-uniform tube with an electrically charged
coupled stress fluid with the incompressible hydro-magnetic
flow. The flow is created by waves traveling along the chan-
nel’s walls.

We set an X-axis that is parallel in the parallel position
that is adjusted for wave propagation. Y-axis is allocated a
normal position when we compare it with wave propaga-
tion. Then, the mathematical expression is given as follows:

I:I(hX(X) Y: t)) HO + hY(X, Yy t)) 0)
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The geometry of the wall surface is defined as ing equations of the above flow problem are as fol-
o lows [50]:
H(X,t) =a(X) + b sin 7(X - ct)|, @ av aU
aY Fra 0, 2
where a(X) = b, + b1X, in which b, represents the half-
width and X represents the axial distance.The govern-
[Ui*.i.'.ViU—_Q.F 02_U+62—U_ 64—U+a4_U+2 64U _&GHJ'Z
Pi¥x Tac T oy )T T Tax THax® T av?) T Maxt T oyt T “axtevt)” 2| oy
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lle[hX N hY a; Hoa—X + g{(l o)pf;;{BT(T - E)) + ﬁc(c - Co)}
= (pp, = PO — 6},
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- (pp - pf;))(@ - @O)})
ol + 2y 2r < of L BT). o [5[2001 , 20 o1 Duffor (o7
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In the laboratory, the flow is unsteady, but in the wave frame, it is steady, associated as
x=X-ct, u=U-c¢,y=Y, v=V, and p(x,y) = P(X,Y, 1), @
where ¢ denotes the velocity gradient, and U and V are the velocity components in a Cartesian form.
2.1 Similarity transformations
Using the following transformations,
T N S T . S el
X_Axy_bos v_Cy u_C, 6_)[7 p—uc)l,t—/-l;M_ReRmslx Re_ [1 )0_1-.1_7;)3
Hy [He - _ T @ C-G (pO)v 1, M (H)
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m = OUDoC, 01= 7 p b, Hoboy aG-6¢" " o P =P * 5 Ke psC?
0 -6, v v Der(G - Ty) Der(G - Cy) \/ﬁ (pc)pDy(61 - 6,)
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t ]-;)0_ ) TF ﬂOC 0 Jrc [IOC ) axz ayzs
L) 1) 0P P
= — = —6—’ h = -, h =
ay’ v ax* 7 oy’ ? o’
Using equations (7) and (8), equations (1-6) become
op
RSy, — U y) = _a—; vy, - —v41/)y + ReS{®yy + RSES(DyDyy — BPyy) + G + Grey — G, 9)
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1)

op 2
- Fv4lpx

Reag(wxlp)g/ - wylpxx) = _E
- RSy,
— ReSES¥(DyPyx — Dy Pyy)
+ S(Grte + GrCV - GrFQ)y

+ 82Vhp, +

(10)

RBSW,0x — 1,8y) = (Byy + 6%0x) + N1c(6%y + V)
y »y
+ Ny(620,2, + 6,2,)
+ N(8%(0:)* + (6,)%),

(11

ReSLe(lpny - !/)xyy) = (yyy + 62yxx) + NCT(SZOXX + eyy)’ (12)

Re(SLn(wax - way) = (-ny + (SZQXX)

N, (13)
+ ﬁ(szexx + 6,y),
B

1
Py = S8~ ) + (B 8Po) =E. (14)

Equations (9)-(14) were simplified to the following form
after using the low but finite Reynolds and long wavelength:

op % 1 0% )
-—+ —L - —— LT 4+ RSP+ +
ax 6y3 k2 ay’ eS1Pyy G + Gry 15)
- GI‘FQ = 0:
op
_ZF 1
3y 0, (16)

c
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0%0 % 00 0Q a0)
—— + Npe— + Ng| ——| + N| — 0, W)
o> oy B[ dy 6y] t[ 6y’
a%y 020
o7 " Nergyr =0 s
2 2
LAC N (19)
ayZ ]Vc ayz
Dyy = Ru(E - wy)- (20)

3 Solution methodology

The partial differential equations are converted into ordinary
differential equations by applying similarity transformation,
which is suitable for MCSFM then we apply the ND-solve
method to solve the ODEs and obtain the reference dataset
for LMP-ABNN. This reference dataset is utilized in Matlab
and computed for different scenarios of MCSFM by varying
the values of different parameters, ie., Hartmann number,
thermophoresis parameter, Dufour parameter, Soret para-
meter, and magnetic Reynolds number. The reference dataset
is generated for 101 input points, of which there are 80%
points for training, 10% for testing, and 10% for validation.
The neural network diagram is given in Figure 1(b). The
sketch of the neural network for the fluid flow system is
depicted in Figure 1(b) in terms of input structure, i.e., a vector

(b)

Figure 1: (a) Flow geometry and (b) neural network for the magneto couple stress fluid model.
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Development of the Problem

PDEs illustrate the thermal
and concentration convection
in nanofluids for peristalic flow
of magneto couple stress fluid
model (MCSFM) in the non
uniform channel.

Algorithm for MCSFM

Backpropagated artificial neural networks
with Levenberg marquardt technique is
utilized for the computation of MCSFM.

Similrity Transformation

Hidden Layer

Turn into
Ordinary
Differential
Equation
(ODEs)

Reference Data set

The ODEs presenting
the MCSFM has been
established by apply
ND-Solve technique
to evaluate the reference
dataset for LMP-ABNN
for all scenarios of
MCSFM.

Output Layer

Input Output
1 4
10 4

Analysis

Error Histogram with 20 Bins

I Training
[ Vaidation
. Test

Zero Error

Instances

To find out the solution and error analysis
graphs the reference dataset is used in a matlab
similarly the solution is acquired by testing,
validation and training procedures.

The performance of LMP-ABNN is acquired

through examine regression, error histogram,

fitness plots and MSE plots for all scenarios
of MCSFM.

Error Histogram

Figure 2: Flow chart of the magneto couple stress fluid model.

representing the input grid points, hidden layer exploiting 10
hidden neurons with log-sigmoidal activation function, ie.,

approximate solutions, while a linear activation function is
used here, Le., fx) = x. Moreover, Figure 1(b) illustrates a single

f) =0 +e-x -1 and the output layer with a matrix of neural network model. The purpose of the activation function,
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Best Validation Performance is 1.6305e-09 at epoch 388
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Gradient = 9.9464e-08, at epoch 388
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Figure 3: Plots of the design LMP-ABNN for solving M for the current density /, of the magneto couple stress fluid model: (a) MSE outcomes,
(b) transition state, (c) error histogram, (d) fitting curve, and (e) regression.
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Figure 4: Plots of the design LMP-ABNN for solving N, for A of the magneto couple stress fluid model: (a) MSE outcomes, (b) transition state, (c) error
histogram, (d) fitting curve, and (e) regression.
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used in each layer of neural networking, is to induce nonli-
nearity into a neuron’s output. Because the gradients are given
simultaneously with the inaccuracy to modify the weights and
biases, activation functions enable backpropagation. The acti-
vation function transforms the data in a nonlinear way,
allowing it to understand and accomplish increasingly com-
plicated operations.

Figure 3 presents the graphs of performance, training,
transition state, error histogram, and regression for the
design LMP-ABNN for solving the Hartmann number (M)
for the current density (J,). Figure 4 describes the plots of
the design LMP-ABNN for solving the thermophoresis

Table 1: Values of all variants of MCSFM
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parameter N; and Dufour parameter Ny for the concentra-
tion profile A. Similarly, the plots for the design LMP-ABNN
for solving Ny¢ for Q are shown in Figures 6 and 7 shows
the plots of the design LMP-ABNN of R, for induced mag-
netic field hy. Figure 8 describes the plots of the design
LMP-ABNN for solving N; for the temperature profile 6 of
MCSFM. Table 1 describes the values of all variants of
MCSFM, and Table 2 describes the outcomes of all varying
parameters of LMP-ABNN. In this article, six scenarios are
discussed for different cases of MCSFM. The Hartmann
number (M), thermophoresis parameter (Ny), Dufour para-
meter Nrc, Soret parameter Ncr, and magnetic Reynolds
number (R,,) are described in Table 1. There are ten hidden
neurons, and the flow chart of the presented model is
shown in Figure 2.

Scenarios Cases Physical quantities
M__ M Mc No A 4 Results and discussion

1 1 0.1 6 6 1 2
2 0.7 6 6 1 2 Figure 3(a)-(e) shows the MSE variation, state transition
3 15 6 6 ! 2 outcomes, error histogram plots, regression analysis, and

5 :‘ :)Z 2_0 g‘ 6 :), 6 i comparison of ANNs-BRS with reference solution for the
2 01 15 06 0.6 2 magnetic parameter M of case 4. Similarly, Figures 4(a)-(e),
3 0.1 3.0 0.6 0.6 2 5(a)-(e), and 6(a)-(e) characterize the variation of mean
4 0.1 45 0.6 0.6 2 square error, state transition outcomes, plots of error

3 L 0.1 0.6 0.0 0.6 2 histogram, regression demonstration, and comparison of
i 8‘1 g'g ?'g g'g i ANNs-BRS with the reference outcome for the thermophor-
4 01 06 15 06 5 esis parameter N, Dufour parameter Ny, and Soret para-

4 1 01 0.6 0.6 0.0 2 meter Ncr, respectively. From Figure 3(a) and (b), it is
2 0.1 0.6 0.6 0.5 2 found that the best training performance is 1.6305 x 107
3 0.1 0.6 0.6 1.0 2 at epoch 388, having a gradient value of 9.9464 x 10~ and
4 0.1 06 06 15 2 Mu of 1 x 107® at epoch 388. A plot of the error histogram is

> 12 8:1 g:g 8:2 g 12'.% presented in Figure 3(c). The ANNs-BRS outcome compar-
3 01 0.6 0.6 0 30 ison with the reference solution is presented in Figure 3(d),
4 0.1 0.6 0.6 0 4.0 which shows a close agreement between the reference

6 1 0.1 0.0 0.5 0.5 solution and ANNs-BRS having an MSE error in the range
2 01 0.5 0.5 0.5 2 of 1072 which proves the validity of the proposed scheme.
z 8'1 12 g‘g g'i i The regression plot for the current density J, is presented

. . i . in Figure 3(e). From Figures 4(a), 5(a), 6(a), 7(a), and 8(a),

Table 2: Outcomes of all cases

Physical quantities Distribution MSE training Validation Testing Performance Grad Mu Epochs Time (s)

M 7, 979x107  163x107° 119x107° 9.80x107°  9.95x10® 1.00x10® 388 59

N, 2 543x10"  8.62x107" 547x107" 543x107"  9.92x107° 1.00x10° 230 43

Nrc 2 7.84x107°  128x107° 131x10° 7.85x107°  9.92x10% 1.00x10% 312 4

Ner Q 2.88x107"°  554x107° 489x107° 2.89x107"°  158x107 1.00x107® 1,000 15

R hx 378x107"°  655x107° 6.19x107° 379x10710 248 %107 1.00x107® 1,000 15

N, ] 6.85x107°  828x107° 9.62x107° 686x107° 9.90x10% 1.00x10% 189 3
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Figure 5: Plots of the design LMP-ABNN for solving Ny for A of the magneto couple stress fluid model: (a) MSE outcomes, (b) transition state, (c) error
histogram, (d) fitting curve, and (e) regression.
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Best Validation Performance is 5.5438e-10 at epoch 1000
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Gradient = 1.5759e-07, at epoch 1000
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Figure 6: Plots of the design LMP-ABNN for solving Nt for Q of the magneto couple stress fluid model. (a) MSE outcomes, (b) transition state, (c) error
histogram, (d) fitting curve, and (e) regression.
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Best Validation Performance is 6.552e-10 at epoch 1000
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,Best Validation Performance is 8.2826e-10 at epoch 189 Gradient = 9.9007e-08, at epoch 189
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Figure 8: Plots of the design LMP-ABNN for solving N, for 6 of the magneto couple stress fluid model: (a) MSE outcomes, (b) transition state, (c) error
histogram, (d) fitting curve, and (e) regression.
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Figure 9: (Continued)

it can be observed that the best training performances are
8.6291 x 107", 1.28 x 107, 5.5438 x 107'°, 6.652 x 107", and
8.2826 x 107 at epochs 230, 312, 1,000, 1,000, and 189 for
solving N, for A, for solving Ny for A, for solving Nt for Q,
for solving R, for hy, and for solving N; for 0, respectively.
One may notice from these figures that the trained data are
validated very accurately for all scenarios. Figures 4(b),
5(b), 6(b), 7(b), and 8(b) present the outcomes of state tran-
sition describing gradient values and epoch numbers along
with validation checks for various scenarios. From these
figures, one may observe that the gradient values are 3.94 x
1078, 6.089 x 107® and 9.133 x 107%, and Mu values are 1 x
1078 for each scenario, at epochs 312, 1,000, 1,000 and 189
for solving the Dufour parameter for A, Soret parameter
for 2, Ry for hy, and N; for 0, respectively. The plots of
error histograms are presented in Figures 3(c), 4(c), 5(c),
6(c) and 7(c) for the current density J,, N; for A, Nyc for 4,
Ny for Q, and Ry, for hy, respectively. It is found from these
plots that the error between the target and output is almost
approaching zero. The regression graphs for N¢r for 2, Ry,

DE GRUYTER

for hy, and N, for 6 are shown in Figures 6(e), 7(e), and 8(e),
respectively. The smaller values of MSE depict a more reli-
able solution and regression plots calculate the correlation
between outputs and targets; if R is close to 1, it indicates a
close relationship; while if R is close to 0, it represents a
random relationship. Comparison plots of ANNs-BRS with
the reference solution for all scenarios are plotted in
Figures 6(e), 7(e), and 8(e).

Figure 9(a) and (1) describes the solution and error
analysis plots of LMP-ABNN for all scenarios of MCSFM.
We observed that the behavior of solutal concentration is
increasing by increasing the parameters N; and Nyc shown
in Figures 9(c) and (e) because the solutal concentration
has a direct relation with N; and Nyc. Also by increasing the
thermophoresis and Dufour parameters, the concentration
boundary layer thickness increases, which results in an
increase of the concentration profile. To investigate the
magnetic field hy in the axial direction and the current
density J, has allocation characteristics on R, and M, we
can observe from Figure 9(a) and (i) that the induced
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magnetic field decreases as the Hartmann number
increases. Due to the presence of the Lorentz force, it
was found that the Hartmann number has a diminishing
effect on the induced current density. The Lorentz force, a
resistive force formed by the presence of magnetic flux,
slows down the motion of fluid in the boundary layer. In
addition, it should be noted that the behavior of the mag-
netic field (axial component) is significantly different from
that of Ry,. Figure 9(a) shows the behavior of the current
density distribution and we found that it gives a parabolic
trend. Furthermore, as the value of R, increases, the cur-
rent density also varies. Figure 9(k) depicts the implica-
tions of temperature profiles for various N; values. The
temperature profile increases as the value of N, increases,
as seen in Figure 9. The mobility of the particles is due
to the temperature gradient that exists in the external
medium during thermophoresis. As a result, increasing
the values of the thermophoresis parameter N, increases
the temperature of the fluids. This is because the tempera-
ture and N; have a direct relationship.

Gradient values refer to the gradient values of the loss
function with respect to the model’s parameters during
training. These values indicate how much the loss function
changes as the model’s parameters are updated, and can
provide insights into how well the model is learning and
whether adjustments need to be made to the learning rate
or the optimization algorithm.

Epochs refer to the number of times the model has seen the
entire training dataset during training. Increasing the number of
epochs can improve the model’s performance up to a certain
point, after which overfitting may occur. The optimal number of
epochs will depend on the size and complexity of the dataset
and the specific model architecture being used.

Best training performance refers to the best results
achieved by the model during training, usually measured
by a performance metric such as accuracy or mean square
error. This metric can be used to compare different models
or variations of the same model and to evaluate the
model’s suitability for the intended application.

In terms of training and testing, one can see that a
correlation with a value close to unity provides an ideal
model, proving the validity of the suggested model ANN
with the Levenberg-Marquardt technique for the peri-
staltic flow of a magneto couple stress fluid in a non-uni-
form channel. Table 2 shows the results from all the cases
with different epochs.

The solution and error analysis curves are presented
in Figure 9.
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5 Conclusions

In this study, the peristaltic flow of a magneto couple
stress fluid in a non-uniform channel is investigated
subjected to the nanofluid flow system under the impact
of convection through a double-diffusive system. In the
presented fluid flow system, the mathematical formula-
tions of magnetic properties of the nanofluid system
are discussed and analyzed via intelligent computing
infrastructure based on supervised learning. The out-
comes of the study through the best representations of
performance measures, histograms, and regression plots
along with mean square error analysis are sources of
reliance effectively. The axial-induced magnetic field as
well as the temperature and concentration of nanopar-
ticles are calculated to attain the outcomes of the pre-
sented study.
Some important findings are listed below:

» The solutal concentration and temperature distribution
both increase.

+ The concentration increases by increasing the values of
the thermophoresis parameter N; and the Dufour para-
meter Nyc This is because the concentration shows direct
relation with N; and Nrc.

¢ The induced magnetic field (hy) increases when y € [0, 1],
while it decreases when y € [1, 2].

* As compared to Ry, the behavior of the axial magnetic
field on M is the opposite.

* The behavior of the current density J, increases with an
increase in the values of Ry,

* It is observed that increasing the values of N, the tem-
perature profile (6) increases.

New artificial intelligence-based computational intelli-
gence networks will be designed in the future to success-
fully solve fluid mechanics constraints [43-45].
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