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ARTICLE INFO ABSTRACT

Handling Editor: Dr Y Su Understanding heat transfer rate, friction factor and mass transfer rate is crucial for optimizing
energy and mass system. Since the majority of these phenomena involve heating and cooling,

Keywords: minimizing entropy creation is crucial. We investigate the thermal diffusion features in micro-

Non-linear thermal diffusion polar nanofluid across a porous medium with steady and incompressible, laminar flow with
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Porous media
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variable properties of magnetic field, thermal and mass expansion coefficient and we thoroughly
examine the generation of entropy while considering its extensive applicability in industrial and
Entropy minimization engineering processes. Within the flow, the effects of Brownian motion through the nonlinear
Keller-box technique sheet, thermal and concentration convection, micropolar rotation, and magnetohydrodynamics
Bejan number have all been taken into consideration. By using the appropriate magnitude analysis, the gov-
erning partial differential equations are transformed into a system of ordinary differential
equations. The Keller-Box technique is utilized to discretized the differential equations and ANN-
LMBP technique is applied for the prediction of non-dimensional physical quantitates. These non-
dimension data set is divided into three part: 80 % for training, 10 % for testing and 10 % for
validation. An optimal solution is achieved at epoch 31 with MSE 2.4187 x 10~°. We have ob-
tained R values for training, testing, validation and overall are 0.99926,0.99992,
0.99999 and 0.99944. A brief review of the flow profile, entropy minimization, and Bejan number
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for the various physical parameters, including the thermophoresis parameter, thermal and con-
centration buoyancy parameter, vertex thickness, Brownian parameter, magnetic parameter,
Darcy number, and Eckert number have been discussed graphically. It is perceived that when the
Darcy number (Da) rises, the velocity profile decreases but the thermal profile increases. More-
over, the coefficient of skin friction, Nusselt number and Sherwood number for different pa-
rameters are computed and depicted in the form of graphs also compared with the numerical
solution and obtained absolute error for friction, Nusselt and Sherwood number are 1.6636e — 04,
3.1979e — 03,1.2645e — 04.

1. Introduction

The study of micropolar liquids has recently attracted the attention of researchers. This consideration arises from the fact that
conventional Newtonian fluids fail to accurately represent the characteristics of fluid flow in diverse industrial applications and
biological contexts. Viscosity effects in most surface flows, both internal and external, are limited to a thin flow zone called the
boundary layer. Viscous effects typically become significant when fluids are moving over surfaces. Boundary layer theory is the most
studied topic due to its different applications in diverse fields. The understanding of boundary layer behavior is very important in the
study of pumps, turbines, aircraft, airfoil drug and lift, underwater submarines, heat exchangers, and many more. The boundary layer
is an important topic in aerodynamics as it has a significant impact on the overall aerodynamic properties of a body, such as its lift and
drag ([1-3]). A stretching sheet denotes a dynamic boundary that extends in one or multiple directions, commonly utilized in fluid
dynamics to simulate flows in processes such as extrusion, wire drawing, and film production. The stretching sheet problem serves as a
fundamental case for analyzing boundary layer behavior influenced by diverse physical effects [4,5]. Umair et al. [6] studied slip flow
past a stretching bending sheet. Kartik et al. [7] examined heat and mass transfer of nanofluid across inclined cylinder. Madhu et al. [8]
studied quadratic thermal radiation and activation energy across the sheet. The study of fluids with an internal microstructure is
regarded as an intriguing and complicated subject in theoretical hydrodynamics. Micropolar fluids are a special type of non-Newtonian
fluid with suspended particles. Eringen [9] is the first person who showed that micropolar fluids that exhibits internal structures. In
this model, microscopic impacts that originating from the regional microstructure also micro-motion of liquid particles. The physical
composition of these liquids is made up of solid particles that are arranged at random and suspended in highly viscous fluids that have a
shear stress which is not axisymmetric. Micropolar fluids have numerous applications in the field of industrial: paints, lubricants,
polymers, medial: human and animal blood colloidal suspensions, animal blood carrying deformable particles, environmental: sub-
surface flow patterns, microorganisms’ study, wind patterns, turbulence, cloud and weather patterns etc. and other sectors like sus-
pension, liquid crystals [10-13]. Israr et al. [14], proposed the Reiner-Philippoff fluid (RPF) model in their study as a substitute for
Newton’s Law of viscosity. Porosity and Darcy-Forchheimer parameters increase the model’s flow rate, and thermal slip has a
beneficial impact on heat transfer. Schmidt number and chemical reaction parameters affect mass diffusion rate. Rehman et al. [15]
applied Soret and Dufor effect on MHD Carreau fluid with Darcy-Forchheimer model. Also, the Darcy-Forchheimer model is consider in
Refs. [16-19]. Chen et al. [20] considered unsteady flow over the boundary layer surface. In his later study [21] he considered hybrid
nanofluid with slippage constraints. Rehman et al. [22] considered Williamson nanofluid model with bio-convective flow and
non-linear radiation. Jamshed et al. [23] consider thermal radiative flux with Arrhenius effect for Carreau fluid.

Pasha et al. [24] studied the micropolar liquid flow between two plates using decomposition method and found positive co relation
between heat transfer rates and fluid concentration with Peclet number. Physics at the micro-nanoscale cannot be solely explained by
Navier-Stokes equations. Conversely, because MFD has more gyration degrees of freedom, it can naturally detect physical processes at
microscopic and small scales. Chen et al. [25] proposed a suitable integrating Chorin’s projection method and time-center split method
for tracking unsteadiness forms Navier Stokes equation with the effect of micropolar factors and he used nearly 2nd accuracy on
multiple space meshes. We cannot imagine our life without energy and entropy is a measurement of disorder or randomness in a
thermodynamic system. Minimization entropy is essential for achieving thermodynamic equilibrium in heat transfer process. Con-
ductivity as well as the thermal efficiency of the material can be increased through the use of nanoparticles to improve heat transport.
By including nanoparticles in base fluids, we can increase the material’s thermal conductivity while maintaining a minimum level of
entropy formation. Alsaedi et al. [26] studied entropy minimization in magneto-hydrodynamics Eyring—Powell nanofluid flow over a
linearly stretchable surface. Hayat et al. [27] investigated Darcy-Forchheimer nanofluid flow in the context of a curved stretched sheet
and showed that higher curvature, porosity, and Brinkman numbers were associated with increased entropy generation. Higher es-
timates of the Brinkman number and slip parameter are associated with a decrease in the Bejan number. Lei et al. [28] performed a
comparison of the total entropy generation rate, internal exergy loss, and exergy efficiency in the membrane reactor used for methanol
synthesis through carbon dioxide hydrogenation. It has been found that minimizing the total rate of entropy creation is equivalent to
minimizing the loss of internal exergy and maximizing the exergy efficiency while keeping the intake energy constant. Priyajit [29]
studied entropy generation loss due to different physical parameters and showed that demonstrated that the center portion of the
cavity’s lower wall is a very suitable location for a heat and mass source to distribute throughout the whole cavity. Fatunmbi et al. [30]
studied micropolar fluid in the presence of thermal radiation. The effects of entropy formation on fluid flow via an inclined channel
with constant vortex viscosity, changing dynamic viscosity, and thermal conductivity were investigated by Singh et al. [31]. Different
studies have been done on micropolar fluid [32-36].

In recent years, there has been a growing belief that utilizing models inspired by the knowledge of the structures and functions of
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Fig. 1. (a) Physical model for micropolar fluid. (b) Artificial neural networks flow chart.

biological brain networks could be crucial in achieving success in dealing with complex tasks using artificial intelligence. The term
used to refer to this emerging area of study is artificial neural networks (ANN). The machine has the potential to store prior knowledge
and can intelligently anticipate future outcomes based on that knowledge [37,38]. Solving computational fluid dynamics models such
as aerodynamic models, turbulence models, some specific flows, and mass and heat transfer using artificial intelligent (AI) is now the
most crucial topics among the researchers [39]. Khan et al. [40] analyzed boundary layer theory using ANN technique, for that firstly,
a data set was generated using numerical technique and then trained ANN model for different case to predict the thermal and velocity
profile. Adrian et al. [41] predict the atmospheric boundary layer wind using ANN multilayer perceptron. He used three layers, first
one is input layer which 6 nodes (input variables), for hidden layer he used 128 nodes and lastly output layer using 2 nodes that
predicts the velocity in x,y direction. Raja et al. [42] studied Flaker- Scan systems using ANN method combine with GA (Genetic
Algorithms)- AS (Active-Set) algorithms. Israr et al. [43] applied ANN model to predict heat transfer rate in bio convective flow. Sayed
et al. [44] examined the numerical behavior of a ternary hybrid Carreau nanofluid in relation to thermal efficiency within an inclined
magnetized environment.

From the above literature review, we were motivated to work with the micropolar nanofluid over the nonlinear stretching surface
and work with the entropy generation for different physical parameters that are involved in our model equations. Our main focus is to
minimize the entropy generation and deploy ANN methodology to predict the desired physical quantities such as Skin Friction co-
efficient, Nusselt number, Sherwood number. For this problem, ANN is chosen because they can approximate complex nonlinear
relations also have advantages over numerical methods: ANNs can handle high-dimensional data and respond to changing problem
dynamics without explicit mathematical formulation. ANNs solve problems quickly after training, making them useful for iterative
simulations and real-time applications. While exact, finite difference and finite element approaches may need substantial processing
resources and struggle with irregular geometries or discontinuities. Thus, ANNs were better for this investigation. Hopefully, this work
will be beneficial in the study of micropolar fluid and other research. The novelty of this current work is here. Graphs depict and
describe the effects of major variables in detail. Our main objective is to find the impact of MHD parameter, Eckert number, Darcy
number on velocity, thermal profile and minimizing entropy generation.

The paper’s nobility is outlined below.

e The magnetohydrodynamic and porous media play an important role in micropolar fluid flow; therefore, we introduced a magnetic
term and porous effect in the momentum and energy equations.

e Considering entropy generation in the micropolar fluid flow will give us the ability to quantify the irreversibilities and inefficiencies
of energy transformation, which will be beneficial for various applications in the industry as well as the medical sector.

e The ANN technique is proven to give better results than traditional statistical methods. ANN can predict the desired outcomes,
whether the data set is large or small. For this study, training, testing and validation data were collected using numerical methods.
We use this trained ANN model to predict the physical quantities of the problem.

e The ANN backpropagation algorithm uses Levenberg-Marquand for error minimization. It has second-order error accuracy,
whereas the ADAM, gradient descent, and stochastic gradient descent methods have first-order error accuracy.

2. Mathematical model

We consider the two-dimensional micropolar nanofluid fluid flow, which is two dimensional, irrotational, steady, laminar flow
over a darcy porous media. Here U & V is the fluid velocity in the x-direction and y-direction. We also consider that sheet is moving
with velocity u,, = ax”" in the x-direction. We also consider porosity parameter, variable thermal and mass coefficient depend on x.
Here, we adopt kpy = kyx™ 1, B, = px?""! and g, = p.x*"1 [45,46]. The flow geometry is depicted in Fig. 1(a).

With the above assumption, the model equations for this geometry can be written as [32,33,47].

Continuity Equation:
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Concentration Equation:
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Here, U & V is the dimensional form of fluid velocity in X &Y direction, N is the micropolar rotation, T is the temperature and C is the
mass concentration. K, u, p, 6, Vp, kp, B, e j, v k. ¢p, Dp, Dr denote material parameter, viscosity, density, electrical conductivity, ki-
netic viscosity of porous media, porous medium permeability, thermal expansion coefficient, concentration expansion coefficient,
micro inertia density, spin gradient viscosity, thermal conductivity, specific heat, thermal expansion, thermophoretic diffusion co-

n-1
efficient and Brownian diffusion coefficient respectively. B(X) = BoX 2 [46] is transverse magnetic field, s, is the surface boundary
parameter, () denotes far stream property and (),, denotes near wall property.

With the boundary conditions [48,49]:

ﬁ:ax“.,?:O,T:TW,N:—soa—E,a:Cwatyzo
ay (6)

i-0,9-0, T>T,, N—0,C—~C,, at y—>oo
Here, a > 0 constant and n nonlinear stretching parameter (n = 1 for linear stretching parameter), s represents surface rotation

parameter.
The physical quantities can be defined in the following form [49,46]:

Skin friction coefficient, C; = ZLWZ., 7w =H(1 +K) (0—3> + uK(N )i—o )
Ply ay =0
XQw oT
Nusselt Number, Nu=-—"—"——q,= — k (—A) 8)
k(T — Tw) 9y /50
XQm a&)
Sherwood number,Sh=———————¢,,= — D3| —= 9
mieeye= o) ©

2.1. Entropy minimization

Entropy generation refers to the quantity of energy that is lost or wasted as a result of a process, which can lead to a decrease in the
performance of engineering systems such as conduction and convection heat transfer rate. Entropy describes the randomness of
molecular action in a microscopic system. Heat causes thermodynamic irreversibility and entropy grows according to the second rule
of thermodynamics, which states that the entropy of a closed system never decreases. The system moves towards the highest entropy
equilibrium configuration. Entropy formation denotes a reduction in energy quality and is significant in heat transfer studies. The
existence of thermal radiation, porous medium fibers, viscous heating and changes in thermal conductivity as highlighted in the
present hybrid magnetic nanofluid coating model, are all elements that lead to different sorts of irreversibility in the flow and thermal
gradients.

For this physical model entropy generation (Sg[(W /m*K)]) will in the following form [33,34]

1 /0T\? 0\ 2 B2 5 Dy[0C\> Dy 0T oC
SG:TZ(OT> +”—fK(a—E> +(GT+—”A)u2+TB(a—E) D5 9T 0C (10)
T°\0y T \dy T kT c \dy T dy dy
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2.2. Similarity solution

The following similarity transformations are used to reduce and non-dimensional the governing partial differential equations and
boundary conditions: [46,50,511,

a(n+1) n1 2waxmt T-Ts C - Cs
—_— 2 6 N = 11
5 XY=y +1;('1) T 1%~ ¢c —c. (1mn
Here 7 is dimensionless transverse coordinate, y is stream function, f(5) is a dimensionless stream function, 6(y) is dimensionless
temperature and ¢(y) is dimensionless concentration. Using definition of (11) we can find

oy wif(n) n—1_ .,
U= = XS )y === 5= () 12
Using (11) and (12) Eq. (1)-(5) become
1+K)f" +ff — f/2 +KN+L1(GH9+GC¢) - Ll (M+Da)f =0 13)
K\ ., 3n—-1 2K .y
<1+5> N N ) =0 (14)
6" +Pr (fﬂ +N,0” + NbNt6 ¢ + Ec(1 + K)fr? +n+i1 (M+ Da)f’zEC) =0 1s)
@' +Ledf + Nyt =0 (16)

And boundary conditions (6) become

f(0) =0,f(0) = 1,N(0) = 50f"(0),0(0) = 1,¢(0) = 1 } a”n
£ (1)—~0,N(n)—~0,6(1n)—0, $(11)~0 as oo

We found following nondimensional parameters: Thermal Grashof number, Gr = &(s =) Concentration Grashof number, Gc =
W, Magnetic number, M = a} x Darcy number, Da = ak , Eckert number, Ec = [Tl:,W—ZT 3 Thermophoresis parameter, Nt =
%(TW — T, ),Brownian parameter, Nb = %(CW — Cs), Ntb = §t, Lewis number, Le = .

Using the similarity variable, the desired physical quantities converted into the following non-dimensional form

el _ vy G [2Rey
Skin friction, Cx(0) = (1 + (1 —so)K)f"(0) = s \VnT1 (18)
2 ~1/2
Nusselt Number, — §(0) = Nu Re, (19)
n+1
2
Sherwood Number, — ¢'(0) = Sh\/ 1Rex / (20)
From (10) using (8) we get dimensionless entropy generation
n+1 >, 14+K)Mn+1) , (M4 Da)RePrEc ,, Q(n+1) ,
Ns= Red?” + RePrEcf” + 2 4 Red
20+ Q)* 2(0 + Q) g ora  Taeva ! 1)
_._& 82Re¢’2
2(P +e¢) 4
(Tw (Cw

Here, Temperature relative parameter, ® = =) Concentration relative parameter, & = =) Temperature ratio, Q = T—W.

Where first term represents Heat Transfer Entropy (HTE), the second term represents F1u1d Friction Entropy (FFE), third term
represents Magnetic and Darcy Force Entropy (MDE) and last two represent Diffusive Entropy (DIE).

2.3. Bejan Number

In thermal systems, Bejan number close to 1 indicates that thermal entropy generation is more dominant than frictional entropy
generation in the overall entropy production. For Be < 0.5 the entropy generation produced by energy dissipation exceeds by that due
to heat transfer. Bejan number can be defined following [52] as:
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Entropy production due to thermal irreversibility

Be= -
Total entropy generation
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3. Solution of the problem
3.1. Numerical computation

The system of non-linear differential equations is converted into group of first order ODEs as follows:

f=p
P=gq
N=¢g
0 =1
¢ =r

, 1 2n 2 2
q= (m) |:*fq+n+1p - gf—(Gr9+Gc¢)+ﬁ(M+Da)p}

e Lo+ 2 on |

n+1 n+1

[=—Pr (ﬂ+Ntl2 + NpN.Ir + Ec(1 + k)¢? +% (M+Da)Ecp2)

— (Lerf +Ngl)
The boundary conditions (17) reduce to:
f(0)=0,p(0)=1,60(0)=1,¢(0) =1,8(0) = —50g(0),p(11 = 00) = 0,0(n = 00) > 0, ¢(n = 00) - 0, N(17 > 00) >0

The system of ODEs with the boundary conditions are solved with MATLAB by Keller-Box method.
The net rectangle is considered in the 7 — 5 plane and the node points is defined by:

=0, =7 +k,i=1,23, .1
’70 = 0,77]- =11 + hj,j =1,2,3,..J

Where, k; and h; are respectively x and y spacing. For derivative we use following derivative

i-1

ou u-—ut, . ou  uj—uy . N
— =2=_"" inther direction and — = -———"1 in the 5 direction.
or ki 617 hi

() + (']

= 2w} + @i

N =

L1
and for any points (u)}lf2 =

for any points (u); 1

"2

Then we apply Newtonian linearization method to linearize the non-dimensional system using following formula.
(u)k+1 = uf + 6uf and neglect quadrating and higher term.

The linearized differential equations of the ode system have a block tridiagonal form and solve using LU decomposition method.
Starting solution for Keller Box method:
For this present problem we consider step size, Ay = 0.02 and initial guesses are taken in the following form [49]:

o G-
@@
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Table 1
Comparison of Nusselt number when (M = 0,Ec = 0,Da = 0,n = 1,Pr = Le = 10,50 = 0,Gr = Gc = 0)
Ne Nb - 6(0) ~$0)
Present Khan [29] Present Khan [29]
0.1 0.1 0.952 0.952 2.12942 2.1294
0.2 0.2 0.3653 0.3654 2.5152 2.5152
0.3 0.3 0.1355 0.1355 2.6089 2.6088
Table 2
ANN-LMBP properties.
Properties Hidden Layer Neuron Gradient Momentum Validation check Maximum Epoch
Numbers 1 13 10! 1010 6 1000
1 T T 1 -
—M=0.5 —M=40.5
—M=10 —M=10
M=2.0 M=2.0
0.8 1 0.8 1
Gr=0.16Gc=0.9K=1.0,n=0.5Da=0.5
Ec=0.1, Le = 4.0, Nt = Nb =0.1
0.6 0.6 Gr=0.1,Gc=0.9,K=10,n=0.5,Da=0.5 | 1
= R Ec=01,Le=4.0, N¢e=Nb=0.1
N ~
:\ ]
0.4 0471 T
0.2 0.2F ]
0 ] 0 - ] !
0 1 2 g 4 5 0 1 2 3 4 5
7 7
(a) (b)

N, is chosen between 5 and 10.
3.2. ANN computation

For Artificial Neural Network computing, a data set is generated for desired physical parameters: Skin Friction coefficients, Nusselt
Number and Sherwood Number by varying input parameters: M,Da,Ec,n, K. Here we have used one hidden layer with 10 neurons. We
split data sets 80% for testing, 10% for testing and 10% for validation. We have used ‘Tansig’ as an activation and 2nd order error
accuracy technique called Levenberg — Marquand method (see Table 1). The flow chart of ANN is depicted in Fig. 1(b).

Initial weights and biases chosen randomly and with LMBP these values updated in such way that optimality solutions arrived. In
Table 2, Initially chosen properties of ANN and LMBP techniques are given.

4. Validation
For the present model we validate our results with the previous study of Khan and Pop [29].

From the above table we can ensure that results are in very close agreement. So that we can use this code for further
implementation.
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Fig. 3. Darcy number impact on velocity (a) and thermal (b) profile.
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Fig. 5. Impact of Eckert number (a) and Magnetic parameter (b) on Ns.

5. Results and discussion

The impact of the parameters on flow profile, thermal profile, local entropy generation, Bejan number, heat transfer rates, Sher-
wood number and skin friction coefficient have been discussed graphically from Figs. 2-11. The parameter’s value for this research
have been choose from publish paper and physical applications. We have used fixed Prandtl number for this problem Pr = 6.9. And
other changeable parameters are referred to the figure.
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Fig. 8. Bejan Number due to (a) thermophysical parameters and (b) surface rotation.
5.1. Velocity and thermal profile

In this section we discuss the impact on different parameter on the velocity and thermal profile. The impact of M on the thermal and
flow profiles is shown in figure (2). As we can see from this image, the Lorentz term in equation (10) resists the fluid flow motion
perpendicular to it, while increasing the value of M the friction force becomes more dominant which results in the flow profile reducing
as the magnetic number increases. The thermal profile exhibits opposite behavior when fluid velocity is suppressed, since a reduced
velocity decreases convective heat transfer causing thermal boundary layer to thicken also this lowers the fluid’s internal heat, making
temperature gradients steeper and raising the thermal profile. Equation (15) demonstrates the positive impact for Joule heating term
associated with the magnetic factor in the energy equation since the MHD induced Joule heating.

From figure (3), we observed that when the Darcy number (Da) rises, the velocity profile decreases but the thermal profile in-
creases. This higher resistivity is caused by the inertial force in porous media becoming more important than the viscous force. In order
to get over this, the resistivity velocity profile falls; however, in the case of the thermal profile, the temperature profile rises as a result
of decreased fluid motion and convective heat transfer rate.
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Best Validation Performance is 2.4187e-05 at epoch 31
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Fig. 9. Mean Square errors for the ANN computation.
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Fig. 10. Error Histogram for the ANN computation.

As we can see from Fig. 4(a), thermal profiles rise as the Eckert number rises. This is because a larger Eckert number means that
kinetic energy becomes more important than enthalpy changes. The temperature profile in a fluidic system is dominated not only by
temperature gradients in the system but also by dissipation from frictional forces in the fluid at high flow velocities. This will result in
enhanced convective heat transfer and increase thermal profile. Again, in Fig. 4(b) thermophoresis and Brownian parameter shows
positive impact on thermal profile. Nt represents the tendency of nanoparticles to mitigate from the wall surface to the surroundings.
Increasing Nt mitigate more energy from wall as a result thermal profile increase. The impact of the random mobility of nanoparticles
(caused by Brownian motion) on energy transfer is measured by the Brownian parameter. It is connected to both the fluid-nanoparticle
interaction and thermal diffusion. Therefore, Brownian motion improves total energy transfer, thickens the thermal boundary layer,
increases the random motion of nanoparticles, and increases the thermal conductivity of the nanofluid, which facilitates more uniform
heat distribution and raises the thermal profile.

5.2. Entropy minimization and Bejan Number

In this section, we discuss entropy generation rate (Ns) and non-dimensional Bejan number for varying different physical pa-
rameters. From figure 5 (a,b) we plot Ns for Eckert number (Ec) and magnetic number (M). Initial Ns takes higher values for Eckert
number than other parameters and Ec gives positive impact on Ns. This is because higher Eckert number always leads to increase fluid
mixing and shear stress thus higher level of irreversibility as a result Ns rises. As well as Lorentz effect also gives positive impact on Ns.
So, values of Ec number should be less to ensure the minimum entropy generation. Bejan number establishes a relationship between the
fluid flow’s mass transfer rate and heat transfer rate. It’s the ratio of heat transfer coefficient to the mass transfer coefficient. In
Figs. 6-8 we demonstrate the Bejan number for Eckert number, Darcy number, micropolar properties, magnetic number, thermo-
physical parameter and micro rotational parameter. Initially at the near surface, Bejan number is low because of dominant viscous

10
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Fig. 11. Regression value for ANN computation.

effect with the boundary layer. Again, as we ascend from the surface wall, the effect of thermal transfer entropy along with diffusive
entropy become more dominant than the others entropy generation effects. Increase boundary layer thickness affects the convective
heat transfer rates and mass transfer rates. The effect of fluid friction entropy is low within this region. But far from the surface when
boundary layer has fully developed the effect of convective heat transfer rate is becoming low thus decrease the Bejan number. From
Fig. 6(a), we can conclude that by increasing Eckert number, Bejan number is decreasing. A more complex scenario can be seen in
Fig. 6(b), due to the increasing effect of Darcy number. As Darcy number increase Bejan number is also increasing. Porous medium may
play the crucial role for this complexity.

The impact of Bejan number for material parameter and the magnetic parameter is depicted in Fig. 7(a and b). We examined that
the increasing trend of material parameter diminishes the Bejan number in Fig. 7(a). Additionally, we found that Bejan number give
the positive impact due to Magnetic number. This is because the fact of the larger value of M results in a more noticeable frictional
effect, which raises the fluid temperature and increases the Bejan number. Also, thermophysical properties and rotational factors
increase the fluid temperature that causes the increasing factor of Bejan number. In Fig. 8(a and b), it is seen that the higher magnitudes
of thermophysical parameter and surface rotation leads to builds up the Bejan number profiles.

5.3. ANN computation for desired physical properties

Artificial neural network (ANN) is an advanced computing model that learns from the previous data like our human brain and can
predict the future results. ANN provides an alternative method over traditional methods like regression model, curve fitting. Where
traditional methods failed to capture complex behavior and nonlinearity, ANN can handle complexity and nonlinearity using its su-
pervised learning technique. To carry out the ANN methodology we have applied "tansig" activation function defined by tanH = H%
This tansig function can handle non-linear relation between input and outputs also it provides smooth gradients ensure stable and
effective learning during ANN training.

ANN has two processes.

(i) Forwards Propagation
(ii) Back ward propagation
5.3.1. Forward propagation

The value input data is going through the model, and each neuron in the hidden layers calculates the weighted sum of its given

11
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Table 3
ANN MSE properties in LMBP technique.
MSE MSE MSE R? value (Training, Testing and validation) Epoch Time (sec)
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Fig. 12. Skin Friction value for different parameters.

input values and applies a non-linear or linear activation function to it. The output values are subsequently transmitted to the sub-
sequent layer, and this cycle continues until we reach the output layer. Mathematically, information y;(x) enters the hidden layers for
input layers. x, W, b, o represent inputs, weight, bias and outputs respectively. n is the number of neurons.

yi(x) = Z Wll]x] + bll
j=1
Hidden layer feeds the information of Input layer apply activation function over this y;(x) and the value of output layers is

Yo(x) = Z W2;z; + b2;

j=1

5.3.2. Backward propagation
During this procedure, we evaluate the outcomes of artificial neural networks (ANN) by comparing them to the target values.
The mean square error is calculated defined by

1n
L=MSE== i —3i) 2
S n;(y 7

12
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Fig. 13. Nusselt Number for different parameters.

The errors are computed and minimized through the 2nd order error minimization method (Levenberg-Marquardt). The
Levenberg-Marquardt algorithm mainly consists of two popular numerical minimization algorithms: the gradient descent method and
the Gauss-Newton method. It calculates the partial derivative of MSE loss with respect to weights and biases and update the initial W;
and b; using following formula

oL
W —wk —yp—
i P
oL
b =b

Here, 7 is the learning rate.

Now, we have used this ANN methodology for predicting Cg, Nu & Sh. In our ANN model we have 5 inputs, 10 neurons and 3
outputs.

In Table 3, we have ANN performance MSE values with number of epoch and time. The regression R? value is close to 1 in all cases.

In Fig. 9, Mean square error is plotted against the epoch number, best validation performance is found 2.4187 x 10~° at epoch 31.

In Fig. 10, we have plotted error histogram. The error is calculated from the predicted value of ANN and numerical solution. In
Fig. 11, we have plotted output results against the target results and the regression value for training, testing and validation are
calculate and shown top of the figure. We have used 80% of our data for training, in this case we have the regression value 0.99926, this
is very close to 1 so data are perfectly fitting. For test data set we have the regression value 0.99992, this ensure that our ANN model is
trained well and in the case of validation the value is 0.99999.

In Fig. 12, ANN predicted results are plotted with numerical results. Skin friction shows positive correlation with the parameter M,
Da, Ec, k but opposite results for nonlinear stretching parameter (n). Skin friction coefficients increase for M because Lorentz force gives
the opposite resistance force, this increases the coefficient force in the flow field. Da number extract extra inertial resistance as a results
skin friction coefficient increases. In Fig. 13, we have the opposite observation that is heat transfer rate increase for non-linear
stretching parameter and decrease for other cases. Nu is likewise observed to decrease with increasing Ec. Since greater viscous
dissipation is induced with increasing Ec values, temperatures are boosted due to the conversion of mechanical energy into heat. This
results in a net migration of heat from the wall to the hybrid nanofluid. In other words, heat transferred from the nanofluid to the wall
(sheet) is reduced producing lower Nusselt numbers

13
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Same reason can be drawn for Fig. 14, where M, Da, Ec,K gives the positive impact. When we increase the value of Da, flow be-
comes more complex sometimes leading to turbulent flow that enhance the mixing ratio of diffusion so the value of Sh increase. When
the value of n is increased, the flow field gets more complicated, which results in an increase in flow curvature and intense mixing.
Consequently, the value of Sh drops as a result of this greater mixing, which increases the convective mass transfer and reduces the
importance of molecular diffusion.

6. Conclusion

In the present study, we consider micropolar nanofluid with the presence of MHD, buoyancy parameter, Brownian motion and
diffusion parameter over the nonlinear stretching sheet. We also consider the entropy generation for this problem to ensure the
minimum entropy generation. The governing boundary layer equations have been converted into system of nonlinear ordinary dif-
ferential using some magnitude analysis. This nonlinear system of equations is tackled with numerical method and then ANN method is
applied for the prediction of Cg,Nu & Sh.

(a) Velocity profiles are decreasing for Magnetic parameter and Darcy number because extra resistance force due to applied Lorentz
force and presence of porous media in the flow filed.

(b) Temperature profiles are increasing for magnetic numbers, Darcy number, Eckert number and thermophysical parameters. All
these factors increase temperature gradient in the flow filed thus increasing thermal profile.

(c) Eckert number has maximum entropy generation over the flow filed, so we must have to ensure lower Eckert number for this
problem. Also, Magnetic parameter increases the entropy generation.

(d) Bejan number is low near the wall and reaches its maximum value when we are moving up from the wall and last in the far filed
Bejan number again decreasing but some complexity can be seen for Darcy number where Bejan number suddenly increase in
the far filed then again decrease.

(e) Friction forces increasing with the increase of M, Da,Ec & K but decrease with n. Magnetic parameter and porosity Darcy
number increase the frictional force as a result friction coefficient is increased. Nusselt increase with increasing n but decrease
for other controlling parameters. Similar phenomena can be seen for Sherwood number.
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(f) ANN predicted results shows good accuracy for the Skin friction coefficient, Nusselt number and Sherwood number. For these
cases regression values are very close to 1.

ANN is proven to be an alternative statistical tool over tradition methods. But It also have some limitations, like to train the ANN
model we need training data. Again, when more variation in data set then choosing optimal number of neurons or hidden layers is
cumbersome. To overcome this situation one can, apply Physics Informed Neural Network where no prior data set is needed.

Also, one can easily, extended the study by consider the hybrid or tri-hybrid nanoparticles with different base fluid and adding more
realistic boundary condition the work will be new path direction.
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Nomenclature

a Constant

B (T) Uniform magnetic field

By Magnetic induction

C Flow concentration

Cp (J/(kg.K)) Specific heat at constant pressure
Dr Thermophoretic diffusion parameter
Dg Brownian Diffusion parameter

Ec Eckert number

f Dimensionless velocity

Gr Grashof number

j (m?/kg) Micro- Inertia density

r Spin gradient viscosity

k (W/(mK)) Thermal conductivity

K Material Parameter

M Magnetic parameter

PGy Heat capacitance

Pr Prandtl number

R? Regression value

Re Local Reynolds number
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~)

Surface rotational Parameter
Fluid temperature

&V Velocity components along X &y directions
&y Cartesian coordinate system

B, (K™') Thermal Expansion coefficient

B. (K') Concentration expansion coefficient

u(P

Similarity variable

Dimensionless temperature

Dimensionless concentration
a.s)  Viscosity

p (Kg/m®) Density
9 (m? /s) Kinematic viscosity
6 (S/m) Electrical conductivity
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