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In this investigative study, the electro-magneto hydrodynamic (EMHD) infuence on a nano viscous fuid model is scrutinized by
designing an artifcial neural network (ANN) paradigm using a neuro-heuristic approach (NHA) through the combination of GAs
(genetic algorithms) and one of the most efcient locally searching solver SQP (sequential quadratic programming), i.e., NHA-
GA-SQP. Te fuid fow for the proposed problem is initially interpreted in the form of PDEs and then utilization of suitable
similarity transformation on these PDEs yields in terms of a stif nonlinear system of ODEs.Te numerical results of the suggested
fuidic model based on the variation of its physically existing parameters are calculated through the NHA-GA-SQP solver to detect
the variation in velocity, thermal gradient, and concentration during the fuid fow. A detailed analysis of obtained outcomes
through the NHA-GA-SQP algorithm and their comparison with the reference results estimated via the Adams method are
presented. Te calculation of the proposed solver’s accuracy, stability, and consistency through various statistical operators is also
involved in the current inspection.

1. Introduction

Nanofuids (NFs) have been proving an efective source of
heat transfer for the last two decades. Te base liquids such
as oil, water, ethylene glycol, and alcohol (liquor) are not
capable of enhancing the thermal rate, and to overcome this
faw, nanometer-sized tiny particles were mixed with base
fuids to produce NFs [1]. Tese nanometer-sized tiny
particles are defned as nanoparticles and are found in
shapes such as nitrides, carbides, oxides, and metals [2–4].
Choi and Eastman [5] was the pioneer of nanoparticles who
claimed that the mixing of nanoparticles with base fuids can

considerably enhance their thermal characteristics. Ramesh
et al. [6] and Nguyen and Ahn [7] scrutinized that NFs are
known as heat transfer fuids using nanoparticles. Heat
transfer is an important application of engineering for units
such as engines, nuclear reactors, and power plants. Major
uses of heat transfer at the industrial level are biomedical,
petroleum, electronics, automotive, and food [8]. Because of
their efective ability of heat transfer, NFs have been utilized
in car radiators [9], cooling systems [10], solar energy de-
vices [11], and electric battery cooling [12]. Nadeem et al.
[13] examined bio-convection forced fow in a viscous NF.
Tey also discussed the heat with mass transmission (HMT)
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in carbon nanotubes [14, 15]. Alzahrani et al. [16] studied
HMT in Casson nanoliquid along a stretchy surface. Khan et
al. [17] explored the viscous NF model using three nano-
particles. Ahmad et al. [18, 19] investigated HMT using
various nanoliquid paradigms. EMHD is defned as the
coupling of a fuid fow and electric current in the presence
of an electromagnetic feld and has a strong efect on the
behavior of NFs.TeNFs’ overall heat transfer properties are
changed when electromagnetic felds align nanoparticles to
improve thermal conductivity. MHD efects afect the fuid
fow patterns, pressure, and velocity when electrically
conductive nanofuids interact with electromagnetic felds.
NF’s rheological behavior is also impacted by EMHD, which
modifes their viscosity. Te distribution of nanoparticles in
a fuid is regulated, and agglomeration is prevented by
dielectrophoretic forces, which are produced by irregular
electric felds. EMHD efects in NFs are involved in various
felds like plasma studies, magnetic insulation of cells, optics,
drug delivery, optical controlling of switches, biomedicine,
blood fow measurement, etc. Reddy et al. [20] numerically
examined hybrid form NF with EMHD efects using the
bvp4c technique and observed an uplift in temperature
profle by enhancing thermal radiation. Obalalu et al. [21]
studied the heat transfer phenomenon through an impli-
cation of EMHD along a stretched surface on NF using the
Chebyshev wavelets technique. Saha et al. [22] investigated
Jefery NF with stratifed boundary conditions under the
impact of EMHD using the optimal homotopy analysis
method and observed a rise in NF temperature by uplifting
the thermal radiation parameter. Naz et al. [23] examined
entropy generation in NFs along with the MHD efect. Tlili
et al. [24] discussed the MHD efect in hybrid NFs. Al-
Farhany et al. [25] scrutinized the MHD efect in ferrofuid.
Zaman and Gul [26] examined the MHD efect in Wil-
liamson NF. Ayub et al. [27] scrutinized the heat transfer
phenomenon by applying the shooting method on steady-
state micropolar fuid. Some useful research related to DEs
by numerical techniques is presented by Ahmad et al. in
[28–32].

ANNs are established to examine mathematical systems
in the shape of a computational frame of work. It is a brain-
inspired system that completely works on neurons. Recently,
ANN-based numerical techniques have been extensively
employed to solve real-world problems in various felds like
medicine, biomedical, engineering, fnance, geology, weld-
ing, and material science. Many academics have adopted
ANN-based computational solvers including supervised and
unsupervised learning to obtain approximate numerical
solutions in diferent sectors of applied sciences like food
recognition [33], cyberattack detection in interconnected
power control systems, speech emotion recognition,
COVID-19 [34], AVR system robust design [35], organ

segmentation and dose prediction [36], voice mood rec-
ognition [37], slung-load system control in helicopters [38],
robust motor control model [39], food freshness prediction
[40], water and fat separation model [41], lung functional
MRI [42], FRAPPE model [43], kidney disease model [44],
corneal shape paradigm [45], Emden-Fowler model, wind
power, SITR model, and Tomas-Fermi model [46–49].
Some important works based on ANNs are presented in
[50–52]. Indeed, the abovementioned list of literature is an
indication of the purposeful use of ANNs on a large scale,
but the dynamics of the EMHD efect on a viscous nanofuid
model using the NHA-GA-SQP algorithm are yet to be
explored. A list of innovative contributions of the current
study is listed as follows:

(i) A new NHA-GA-SQP technique is developed and
applied to get the best approximate solution of the
nonlinear ODEs system transformed through PDEs
of the suggested nanofuidic model

(ii) Te dynamics of the nano viscous fuid model are
studied in detail using diferent scenarios based on
alteration in the numerical values of various in-
volved physical parameters to scrutinize the velocity
profle, thermal gradient, and nanoparticle con-
centration of the suggested problem

(iii) Te accuracy of NHA-GA-SQP technique is eval-
uated in each scenario through well-known statis-
tical operators

(iv) Te convergence rate of the proposed solver is
verifed through ftness estimation for all scenarios

2. Mathematical Modeling

Te laminar fuid fow of mixed convective type with
nanoparticles under MHD impact past a stretchy face
surface is explored. Te stretchy surface is examined here in
the Cartesian coordinate system.Termophoresis along with
Brownian motion efects is also included in the suggested
fuid model. Moreover, Joule heating, heat source/sink, and
viscous dissipation are also involved in the fow. Figure 1
demonstrates the geometry of fow for the proposed model.

Physical behavior based on irreversibility in viscous
laminar nanomaterials fow along with chemical reaction is
also examined in the presence of both magnetic and electric
felds in the region y> 0. Both the felds are originated from
Ohm’s law J� σ(E + V × B) in which J represents the
amount of Joule current, while σ expresses electrical con-
ductivity. If b represents the stretching parameter then v1w

represents the velocity of stretching sheet.
Te governing system of the recommended model in-

tegrated through the irreversibility phenomena is given as
follows:
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Figure 1: Schematic structure of the nano viscous fuid model.
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Here, M � (σB2
0/bρg) represents the magnetic parameter,

E1 � (E0/B0v1w) denotes the electric feld parameter,
λ� (Gr/Re2) is called the mixed convection parameter,
Gr� (Gβt(Tmw − Tm∞) x3/ρg]22) represents the Grashof
number, Re� (v1wx/υ) represents the local Reynolds
number, N1 � (βc(Cw − C∞)/βt(Tmw − Tm∞)) is called the
buoyancy ratio parameter, Pr � (]2/α) represents the
Prandtl number, Nt� (τDT(Tmw − Tm∞)/Tm∞υ) is the
thermophoresis parameter, Ec� ((bx)2/cp(Tmw − Tm∞))

denotes the Eckert number, Nb� (τDB(Cw − C∞)/υ) is

called the Brownian motion parameter, Br�Pr .Ec denotes
the Brinkman number, β� Q0/b(ρcp)g is called the heat
generation/absorption parameter, Sc� (υ/DB) represents
the Schmidt number, and c � (k1/b) is called the reaction
parameter.

3. Proposed Methodology

In the current research, the form of approximate solution
and its jth order derivatives are

[􏽢g(η), 􏽢θ(η), 􏽢ϕ(η)] � 􏽘
n

q�1
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α1, α2, and α3 represent the unknown weights, and in vector
form, they can be expressed as

W � Wg, Wθ, Wϕ􏽨 􏽩,
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In the aforementioned vectors, the components used are

α1g � α1g,1, α1g,2, · · · , α1g,n􏽨 􏽩,
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(7)

Te function F(η) � (1/(1 + e−η)) is known as log-sig-
moid-based activation function in the current research
having tendency to transfer input values to a range between
0 and 1. It ofers smooth transitions between the extremes.
Te log sigmoid activation function facilitates the repre-
sentation of complex interactions in the microviscous fow
optimization situation within the context of our neuro
heuristic computational intelligence methodology. Te log
sigmoid function enhances the overall performance of our
optimization framework by providing nonlinearity and
diferentiability, which facilitate the neural network’s ability
to recognize intricate patterns and subtleties in the data.
After substituting the value of activation function in the
assumed approximate solution, the obtained equations are
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Formulation of suitable ftness function is

e1 �
1
N

􏽘

N

k�1
g‴k + gk
″gk − gk

′2 + E1 − gk
′( 􏼁M + N1ϕl + θk( 􏼁λ􏼠 􏼡

2

, (9)

e1 ∗ �
1
N

􏽘

N

k�1
θk
″ + Prθk

′gk + Nt θk
′2 + Nb θk

′ϕk
′􏼐 􏼑Pr + M gk

′ − E1( 􏼁
2Br + β θkPr􏼐 􏼑

2
, (10)

e1 ∗∗ �
1
N

􏽘

N

k�1
ϕk
″ + θk
″Nt
Nb

+ Scgkϕk
′ − c ϕk Sc􏼒 􏼓

2
, (11)

e1 ∗∗∗ �
1
9

g1
2

+ g1′ − 1( 􏼁
2

+ θ1 − 1( 􏼁
2

+ ϕ1 − 1( 􏼁
2

+ gN
′2 + θN

2
+ ϕN

2
􏽨 􏽩, (12)
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Here, N � (1/h), 􏽢gk � 􏽢g(ηk) and ηk � kh. Equations
(9)–(13) represent the value of error functions, and equation
(12) is the representation of boundary conditions of the
current problem.

3.1. Optimization of Networks. GAs’ technique design is
likewise natural growth structure, and this technique was
introduced in 1960 by Holland [53]. GAs depict optimized
performances of heuristic, selection, and mutation along
with crossover and have many implementations including
the aircrafts industry [54], solar photovoltaic systems [55],
heterogeneous celebrations [56], weather forecasting [57],
and pharmaceutical supply chain [58]. A hybridization of
GAs with any local solver can signifcantly increase the
convergence, and for this purpose, SQP solver is used [59,
60]. SQP most recent applications are charging of batteries,
dairy feld, hybrid electric vehicles [61], and virotherapy of

cancer [62]. Figure 2 graphically depicts the optimization
procedure of the NHA-GA-SQP algorithm used, while
Algorithm 1 provides the details of the pseudocode con-
structed through NHA-GA-SQP.

3.2. Performance Matrix. To investigate the performance of
the NHA-GA-SQP algorithm, the following statistical op-
erators are used:

(i) E-VAF (variance-account-for)
(ii) RMSE (root-mean-square error)
(iii) E-NSE (Nash–Sutclife efciency)
(iv) E-R2 (error function based on the coefcient of

determination)
(v) E-TIC (Teil’s coefcient for in-equality)

With mathematical formulation,
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4. Results and Discussion

A new algorithm NHA-GA-SQP is used to solve the nano
viscous fuid fow problem numerically by applying an
appropriate optim setting, and the best calculated trained
weights involved in searching the best numerical outcomes
of the suggested problem are illustrated through Figures 3–9
based on seven diferent scenarios whose details are pro-
vided in Table 1. Te implementation of these trained
weights in equation (4) provides the solution to the proposed
problem. Tomeasure the suitability of the hybridization used
in the NHA-GA-SQP algorithm for fast convergence,
learning curves obtained for one case of the 1st scenario are
also portrayed in Figure 10.

Te numerical results calculated in all scenarios for
velocity, thermal gradient, and concentration are graphi-
cally portrayed in Figures 11–16 using interval [0, 5]. Figure
11 depicts that an increase in the electric feld parameter
(E1) increases the fuid fow due to which the velocity 􏽢g′(η)

of the fuid hikes. In actuality, the strength of the electric
feld increases, the charged particles in the nanofuid en-
counter an increased push directed towards the feld. Te
charged particles are accelerated by this increased force,
which raises the NF’s velocity overall. Figure 12 explains
that an uplift in the numeric value of the magnetic feld
parameter (M) resists in fuid fow which results in the form
of velocity 􏽢g′(η) decay. Te reason behind this decay is the
increase of Lorentz force which is produced due to stronger
magnetic force. Figure 13 portrays that the larger value of
the mixed convection parameter (λ) enhances the nano-
fuidic fow which boosts the velocity 􏽢g′(η) of the fuid
which is due to the rise in forced convection of fuid
molecules along with nanoparticles over a stretchable
surface. Figure 14 illustrates that a higher numeric value of
buoyancy ratio parameter (N1) increases the fuid fow
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which results as an increase in the velocity 􏽢g′(η) of the
nanofuid. Te reason behind this increase is that a higher
value of the buoyancy ratio parameter typically corresponds
to a larger diference in density between the fuid and its
surroundings. Tis density diference creates buoyancy and
induces buoyancy-induced convection within the nanofuid.
Stronger buoyancy promotes fuid movement, and as a re-
sult, velocity profle uplifts. Figure 15 describes that an
escalation in the value of the Brownian motion parameter
(Nb) amplifes the temperature gradient 􏽢θ(η) of the fuid,
and as a result, the concentration 􏽢ϕ(η) of the base fuid, as
well as the nanoparticles, diminishes. Figure 16 shows that in
scenario 6, when the value of Schmidt number (Sc) rises, then
it de-escalates the mass difusivity which decreases the
concentration 􏽢ϕ(η) of the NF. In case of scenario 7, the efect
of the reaction parameter (c) on NF is the same as that of Sc
in scenario 6. It is due to the fact that an increase in
a chemical reaction parameter may indicate that the
nanoparticles in the nanofuid are undergoing more
chemical reactions at a faster rate. An increased reaction
parameter would cause a more substantial depletion of
nanoparticles, which would lower the concentration.

Te NHA-GA-SQP algorithm produces the numerical
results of the nano viscous fuid problem that overlaps the
reference solution quite signifcantly in each scenario using
interval [0, 5]. Tis statement is verifed through absolute
errors (AEs) that depict graphically in Figure 17, and its
tabulated form is represented in Table 2. Te calculated
range of AEs is 10−3–10−6 for 1st two scenarios, 10−3–10−7 for
3rd and 4th scenarios, 10−3–10−6 for 5th and 7th scenarios,
while this range is 10−3–10−7 for 6th scenario.

Te performance of the NHA-GA-SQP algorithm is
analyzed through distinct statistical performance operators,
while the obtained data which is in shape of graphs are
illustrated through Figures 18–26. All seven scenarios are
randomly discussed through these operators, and these
performance grades have ranges up to 10−4 for RMSE, up to
10−5 for E-TIC, up to 10−6 for both E-NSE and E-R2, and up
to 10−8 for E-VAF. Tese obtained values are very nearly
equal to zero which proves the suitability and efciency of
the NHA-GA-SQP algorithm for the current problem. In the
tabulated form, the performance of these statistical operators
along with the best iteration number for all scenarios is
presented in Table 3.

[GA procedures]
Inputs: Te chromosomes utilized as evenly divided entries of network are expressed as W � [Wg, Wθ, Wϕ]

Population: Te vectors present in chromosomes are
Wg � [α1g, α2g, α3g], Wθ � [α1θ, α2θ, α3θ] and Wϕ � [α1ϕ, α2ϕ, α3ϕ]
Output: Collection of best-attained weight vectors named WGA−BEST
Initialization:
Formation of real entries-based vector W for selection of a chromosome to use in gaoptimset settings.
Fitness assessment: Establish ftness E in well versed form through equations (9)–(13)
Stopping parameter: Terminate the process if any of the following is obtained:

(i) [Fitness� 1e–21], [Population Size� 244], [Elite count� 41], [StallLimit� 101], [Generations� 444], [TolFun�TolCon� 1e–21],
(ii) Other values: using by default store the calculated results.

Ranking: Gain “E” via ranking W.
Reproduction:
[Selection⟶@stoch-uniform], [mutation⟶adapt-feasible], [Crossover⟶heuristic]
Store: Store the desired trained weights WGA−BEST, E, time, generations as well as function counts.
GA process (end)
Process of SQP (% start%)
Inputs: Input WGA−BEST
Output: Best collected weights through NHA-GA-SQP WGA−SQP.
Initialize: Utilization of bounded constraints, assignments, generations along with WGA−BEST.
Terminate: Procedure stops on attaining any of the following:

(iii) [e� 1e–21], [Iterations� 1544], [Tol_Con�Tol_X�Tol_Fun� 1e–21], [Max_Evals_Fun� 2100000].
(iv) Other settings (By default)

Fitness assessment: Estimate “E” through equations (9)–(13). Utilize “fmincon” for amendments and modifcations
Accumulate:
Save WGA−SQP, “E” along function count, time, and iterations.
SQP (%end%)
Data Generations
Hybrid function is repeated 20 times for nano viscous fuid problem through the NHA-GA-SQP algorithm to collect a large
dataset

ALGORITHM 1: Pseudocode using NHA-GA-SQP algorithm for nano viscous fuid problem.
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Te proposed solver ftness is testifed for some ran-
domly taken scenarios through box-plot analysis and CDF-
analysis which are portrayed in Figures 27 and 28 which also
prove the reliability of the NHA-GA-SQP algorithm.

Moreover, the convergence analysis based on ftness esti-
mation for all seven scenarios is presented in Figure 29
which proves that the NHA-GA-SQP solver can attain the
stif criteria quite comfortably.
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Figure 3: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-I).
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Figure 4: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-II).
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Figure 5: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-III).
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Figure 6: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-IV).
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Figure 7: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-V).
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Figure 8: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-VI).
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Figure 9: Best trained weights of the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-VII).

Table 1: Values of physical parameters in three cases of all scenarios to solve the nano viscous fuid problem.

Cases
Scenarios

1 2 3 4 5 6 7
1 E1 � 0.3 M� 0.1 λ� 0.2 N1 � 1.0 Nb � 0.4 Sc � 0.2 c � 0.1
2 E1 � 0.7 M� 0.3 λ� 0.4 N1 � 2.0 Nb � 0.8 Sc � 0.8 c � 0.7
3 E1 � 1.0 M� 0.5 λ� 0.9 N1 � 3.0 Nb � 1.5 Sc � 1.4 c � 1.3
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Figure 11: Numerical values obtained in the suggested nanofuidic problem for cases (1–3) of scenario 1 (S-I).
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Figure 12: Numerical values obtained in the suggested nanofuidic problem for cases (1–3) of S-II.
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Figure 13: Numerical values obtained in the suggested nanofuidic problem for cases (1–3) of S-III.
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Figure 14: Numerical values obtained in the suggested nanofuidic problem for cases (1–3) of S-IV.
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Figure 17: Values of absolute errors calculated in the nano viscous fuid problem in all scenarios.
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Table 2: Absolute errors (AEs) computed in the suggested nanofuidic problem for S (I–VII).

η
Θ ϕ

C− 1 C− 2 C− 3 C− 1 C− 2 C− 3
S-I
0 3.902E− 6 3.697E− 6 3.038E− 6 3.061E− 6 1.742E− 5 1.024E− 5
0.5 1.605E− 5 7.451E− 5 1.234E− 4 7.241E− 5 3.114E− 4 5.061E− 4
1.0 7.036E− 5 3.040E− 4 4.927E− 4 1.441E− 4 5.983E− 4 9.548E− 4
1.5 1.577E− 4 6.591E− 4 1.053E− 3 2.019E− 4 8.018E− 4 1.252E− 3
2.0 2.679E− 4 1.082E− 3 1.709E− 3 2.333E− 4 8.676E− 4 1.337E− 3
2.5 3.852E− 4 1.506E− 3 2.359E− 3 2.299E− 4 8.111E− 4 1.237E− 3
3.0 4.925E− 4 1.879E− 3 2.921E− 3 1.955E− 4 6.671E− 4 9.920E− 4
3.5 5.780E− 4 2.164E− 3 3.337E− 3 1.452E− 4 4.680E− 4 6.663E− 4
4.0 6.375E− 4 2.345E− 3 3.589E− 3 9.300E− 5 2.605E− 4 3.501E− 4
4.5 6.713E− 4 2.432E− 3 3.702E− 3 4.279E− 5 9.424E− 5 1.173E− 4
5.0 6.815E− 4 2.452E− 3 3.726E− 3 5.815E− 6 5.622E− 6 4.257E− 6
S-II
0 1.707E− 6 1.753E− 6 4.326E− 6 1.984E− 6 1.580E− 6 3.565E− 6
0.5 1.153E− 5 3.388E− 5 4.371E− 5 4.317E− 5 1.376E− 4 1.792E− 4
1.0 4.171E− 5 1.307E− 4 1.686E− 4 7.579E− 5 2.411E− 4 3.116E− 4
1.5 8.551E− 5 2.683E− 4 3.436E− 4 9.681E− 5 3.018E− 4 3.772E− 4
2.0 1.355E− 4 4.236E− 4 5.367E− 4 1.004E− 4 3.114E− 4 3.883E− 4
2.5 1.838E− 4 5.739E− 4 7.260E− 4 9.155E− 5 2.856E− 4 3.636E− 4
3.0 2.263E− 4 7.054E− 4 8.948E− 4 7.818E− 5 2.363E− 4 3.063E− 4
3.5 2.617E− 4 8.060E− 4 1.027E− 3 6.253E− 5 1.628E− 4 2.166E− 4
4.0 2.881E− 4 8.670E− 4 1.108E− 3 4.222E− 5 8.260E− 5 1.270E− 4
4.5 3.032E− 4 8.927E− 4 1.141E− 3 1.813E− 5 2.893E− 5 5.333E− 5
5.0 3.073E− 4 8.971E− 4 1.142E− 3 3.447E− 6 9.206E− 6 2.236E− 5
S-III
0 2.631E− 6 1.493E− 6 6.075E− 7 1.675E− 6 1.248E− 6 7.777E− 7
0.5 5.387E− 5 4.899E− 5 4.380E− 5 2.229E− 4 2.004E− 4 1.556E− 4
1.0 2.248E− 4 2.129E− 4 1.151E− 4 4.611E− 4 4.667E− 4 8.028E− 5
1.5 5.097E− 4 5.204E− 4 7.665E− 5 6.680E− 4 7.586E− 4 2.718E− 4
2.0 8.779E− 4 9.578E− 4 1.748E− 4 7.870E− 4 9.703E− 4 7.297E− 4
2.5 1.277E− 3 1.465E− 3 6.289E− 4 7.912E− 4 1.033E− 3 1.048E− 3
3.0 1.650E− 3 1.963E− 3 1.177E− 3 6.842E− 4 9.298E− 4 1.095E− 3
3.5 1.949E− 3 2.373E− 3 1.681E− 3 5.006E− 4 6.955E− 4 8.875E− 4
4.0 2.147E− 3 2.649E− 3 2.041E− 3 2.949E− 4 4.085E− 4 5.409E− 4
4.5 2.249E− 3 2.788E− 3 2.225E− 3 1.182E− 4 1.590E− 4 2.102E− 4
5.0 2.275E− 3 2.824E− 3 2.272E− 3 3.658E− 6 1.632E− 6 1.763E− 6
S-IV
0 1.024E− 6 9.894E− 7 2.346E− 6 7.744E− 7 7.420E− 7 2.459E− 6
0.5 2.970E− 5 1.572E− 5 3.458E− 5 1.204E− 4 6.415E− 5 1.527E− 4
1.0 1.225E− 4 6.774E− 5 1.654E− 4 2.531E− 4 1.427E− 4 3.766E− 4
1.5 2.834E− 4 1.505E− 4 4.038E− 4 3.884E− 4 1.744E− 4 5.572E− 4
2.0 5.059E− 4 2.268E− 4 6.944E− 4 4.936E− 4 1.167E− 4 5.730E− 4
2.5 7.665E− 4 2.573E− 4 9.476E− 4 5.364E− 4 3.698E− 6 4.175E− 4
3.0 1.029E− 3 2.273E− 4 1.099E− 3 5.008E− 4 1.153E− 4 1.877E− 4
3.5 1.255E− 3 1.523E− 4 1.144E− 3 3.930E− 4 1.709E− 4 6.593E− 6
4.0 1.415E− 3 7.043E− 5 1.125E− 3 2.443E− 4 1.441E− 4 6.365E− 5
4.5 1.500E− 3 1.939E− 5 1.095E− 3 1.011E− 4 6.980E− 5 4.580E− 5
5.0 1.523E− 3 1.363E− 5 1.083E− 3 1.648E− 6 2.509E− 6 1.971E− 6
S-V

η Θ ϕ
C− 1 C− 2 C− 3 C− 1 C− 2 C− 3

0 2.147E− 6 2.884E− 6 4.009E− 6 2.191E− 6 2.318E− 6 2.054E− 6
0.5 2.401E− 3 2.061E− 3 1.549E− 3 2.841E− 3 1.222E− 3 4.922E− 4
1.0 6.297E− 3 5.807E− 3 4.990E− 3 7.527E− 3 3.513E− 3 1.649E− 3
1.5 9.376E− 3 8.917E− 3 8.137E− 3 1.045E− 2 5.055E− 3 2.525E− 3
2.0 1.071E− 2 1.035E− 2 9.767E− 3 1.071E− 2 5.271E− 3 2.738E− 3
2.5 1.042E− 2 1.018E− 2 9.802E− 3 9.075E− 3 4.528E− 3 2.419E− 3
3.0 8.956E− 3 8.825E− 3 8.605E− 3 6.565E− 3 3.332E− 3 1.816E− 3
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Table 2: Continued.

η
Θ ϕ

C− 1 C− 2 C− 3 C− 1 C− 2 C− 3
3.5 6.792E− 3 6.732E− 3 6.618E− 3 3.996E− 3 2.071E− 3 1.147E− 3
4.0 4.362E− 3 4.331E− 3 4.286E− 3 1.896E− 3 1.008E− 3 5.674E− 4
4.5 2.017E− 3 2.004E− 3 1.994E− 3 5.384E− 4 2.976E− 4 1.745E− 4
5.0 4.285E− 6 5.824E− 6 6.963E− 6 6.572E− 6 3.199E− 6 2.847E− 6

S-VI S-VII

η ϕ ϕ
C− 1 C− 2 C− 3 C− 1 C− 2 C− 3

0 3.696E− 6 1.846E− 6 9.660E− 7 1.959E− 6 4.418E− 6 4.091E− 6
0.5 2.338E− 3 1.552E− 3 1.139E− 3 2.071E− 3 8.313E− 4 3.081E− 4
1.0 6.067E− 3 4.407E− 3 3.489E− 3 5.375E− 3 3.201E− 3 2.246E− 3
1.5 8.805E− 3 6.126E− 3 4.614E− 3 7.510E− 3 4.818E− 3 3.600E− 3
2.0 9.706E− 3 6.135E− 3 4.230E− 3 7.756E− 3 5.001E− 3 3.751E− 3
2.5 9.058E− 3 5.016E− 3 3.078E− 3 6.637E− 3 4.203E− 3 3.133E− 3
3.0 7.400E− 3 3.460E− 3 1.809E− 3 4.874E− 3 2.983E− 3 2.172E− 3
3.5 5.258E− 3 1.964E− 3 7.805E− 4 3.039E− 3 1.724E− 3 1.150E− 3
4.0 3.099E− 3 8.188E− 4 1.328E− 4 1.502E− 3 6.972E− 4 3.263E− 4
4.5 1.283E− 3 1.583E− 4 1.116E− 4 4.647E− 4 1.048E− 4 7.199E− 5
5.0 7.038E− 6 1.871E− 6 4.220E− 6 4.076E− 6 5.292E− 6 2.142E− 5
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Figure 18: E-R2 analysis for the nano viscous fuid problem in S-I.
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Figure 19: RMSE analysis for the nano viscous fuid problem in S-II.
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Figure 21: E-VAF analysis for the nano viscous fuid problem in S-IV.
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Figure 22: E-VAF analysis for the nano viscous fuid problem in S-V.
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Figure 26: MAEs based ftness analysis for the nano viscous fuid problem in S (I–VII).
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Table 3: Iteration with the best value in S (I–VII) of the suggested nanofuidic problem using the NHA-GA-SQP solver.

S-I

Operator
g

C− 1 C− 2 C− 3
Best value (B. V) It# B. V It# B. V It#

MAE 3.776E− 4 10 3.603E− 4 8 3.709E− 4 11
RMSE 4.623E− 4 10 4.374E− 4 8 4.466E− 4 11
E_TIC 5.338E− 4 10 5.051E− 4 8 5.157E− 4 11
E_NSE 1.453E− 5 10 1.301E− 5 8 1.356E− 5 11
E_VAF 2.903E− 7 10 2.511E− 7 8 2.525E− 7 11
E_R2 1.453E− 5 10 1.301E− 5 8 1.356E− 5 11

Operator
g՛

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 3.919E− 4 10 3.622E− 4 8 3.231E− 4 11
RMSE 4.789E− 4 10 4.380E− 4 8 3.904E− 4 11
E_TIC 5.530E− 4 10 5.057E− 4 8 4.508E− 4 11
E_NSE 1.560E− 5 10 1.304E− 5 8 1.036E− 5 11
E_VAF 3.091E− 7 10 2.475E− 7 8 1.959E− 7 5
E_R2 1.560E− 5 10 1.304E− 5 8 1.036E− 5 11

S-II

Operator
G

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 3.571E− 4 15 3.602E− 4 15 1.495E− 4 9
RMSE 4.330E− 4 15 4.375E− 4 15 1.674E− 4 9
E_TIC 4.999E− 4 15 5.052E− 4 15 9.202E− 5 9
E_NSE 1.275E− 5 15 1.302E− 5 15 1.821E− 6 9
E_VAF 2.446E− 7 15 2.516E− 7 15 3.197E− 8 9
E_R2 1.275E− 5 15 1.302E− 5 15 1.821E− 6 9

Operator
g՛

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 3.605E− 4 15 3.614E− 4 15 1.530E− 4 18
RMSE 4.386E− 4 15 4.374E− 4 15 1.709E− 4 9
E_TIC 5.065E− 4 15 5.051E− 4 15 9.393E− 5 9
E_NSE 1.308E− 5 15 1.301E− 5 15 1.897E− 6 9
E_VAF 2.547E− 7 11 2.479E− 7 14 3.265E− 8 9
E_R2 1.308E− 5 15 1.301E− 5 15 1.897E− 6 9

S-III

Operator
g

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.331E− 4 6 1.340E− 4 4 1.298E− 4 16
RMSE 1.544E− 4 6 1.546E− 4 4 1.531E− 4 16
E_TIC 8.484E− 5 6 8.497E− 5 4 8.414E− 5 16
E_NSE 1.547E− 6 6 1.552E− 6 4 1.522E− 6 16
E_VAF 3.440E− 8 13 3.346E− 8 4 3.701E− 8 16
E_R2 1.547E− 6 6 1.552E− 6 4 1.522E− 6 16

Operator
g՛

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.324E− 4 6 1.175E− 4 4 1.349E− 4 7
RMSE 1.531E− 4 13 1.384E− 4 4 1.553E− 4 7
E_TIC 8.414E− 5 13 7.607E− 5 4 8.537E− 5 7
E_NSE 1.522E− 6 13 1.244E− 6 4 1.567E− 6 7
E_VAF 3.317E− 8 15 3.009E− 8 11 3.335E− 8 16
E_R2 1.522E− 6 13 1.244E− 6 4 1.567E− 6 7

S-IV
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Table 3: Continued.

Operator
G

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.341E− 4 19 1.303E− 2 4 1.304E− 2 9
RMSE 1.543E− 4 19 1.518E− 2 4 1.519E− 2 9
E_TIC 8.481E− 5 19 8.527E− 3 4 8.532E− 3 9
E_NSE 1.546E− 6 19 1.438E− 2 4 1.440E− 2 9
E_VAF 3.266E− 8 19 4.702E− 4 4 4.706E− 4 9
E_R2 1.546E− 6 19 1.438E− 2 4 1.440E− 2 9

Operator
g՛

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.326E− 4 19 1.301E− 2 11 1.302E− 2 5
RMSE 1.531E− 4 19 1.516E− 2 11 1.517E− 2 9
E_TIC 8.417E− 5 19 8.515E− 3 11 8.522E− 3 9
E_NSE 1.523E− 6 19 1.434E− 2 11 1.436E− 2 9
E_VAF 3.300E− 8 18 4.696E− 4 4 4.696E− 4 9
E_R2 1.523E− 6 19 1.434E− 2 11 1.436E− 2 9

S-V

Operator
Θ

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.304E− 2 4 1.303E− 2 11 1.303E− 2 4
RMSE 1.518E− 2 4 1.518E− 2 11 1.517E− 2 4
E_TIC 8.530E− 3 4 8.527E− 3 11 8.526E− 3 4
E_NSE 1.439E− 2 4 1.438E− 2 11 1.438E− 2 4
E_VAF 4.704E− 4 4 4.704E− 4 11 4.699E− 4 4
E_R2 1.439E− 2 4 1.438E− 2 11 1.438E− 2 4

Operator
ϕ

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 1.301E− 2 4 1.298E− 2 16 1.300E− 2 4
RMSE 1.516E− 2 4 1.513E− 2 16 1.515E− 2 4
E_TIC 8.517E− 3 4 8.500E− 3 16 8.510E− 3 4
E_NSE 1.435E− 2 4 1.429E− 2 16 1.432E− 2 4
E_VAF 4.696E− 4 4 4.692E− 4 12 4.695E− 4 4
E_R2 1.435E− 2 4 1.429E− 2 16 1.432E− 2 4

S-VI

Operator
ϕ

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 7.611E− 3 4 7.602E− 3 12 7.583E− 3 20
RMSE 9.357E− 3 4 9.353E− 3 12 9.336E− 3 20
E_TIC 5.358E− 3 4 5.356E− 3 12 5.346E− 3 20
E_NSE 5.284E− 3 4 5.281E− 3 12 5.261E− 3 20
E_VAF 3.171E− 4 3 3.179E− 4 10 3.176E− 4 20
E_R2 5.284E− 3 4 5.281E− 3 12 5.261E− 3 20

S-VII

Operator
ϕ

C− 1 C− 2 C− 3
B. V It# B. V B. V It# B. V

MAE 7.531E− 3 8 7.564E− 3 9 1.372E− 3 14
RMSE 9.294E− 3 8 9.325E− 3 9 1.640E− 3 10
E_TIC 5.322E− 3 8 5.339E− 3 9 1.894E− 3 10
E_NSE 5.214E− 3 8 5.248E− 3 9 1.829E− 4 10
E_VAF 3.177E− 4 8 3.184E− 4 4 3.297E− 6 10
E_R2 5.214E− 3 8 5.248E− 3 9 1.829E− 4 10

International Journal of Intelligent Systems 27



10-6

10-7

10-8

Fi
tn

es
s 10-7

10-8

Fi
tn

es
s

10-8

10-9

Fi
tn

es
s

1
Scenario 1

32 1 2
Scenario 2

3

1 2
Scenario 3

3

Figure 27: Fitness based on boxplot analysis for the nano viscous fuid problem in 1st three scenarios.
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5. Conclusion

Te EMHD impacts on the nano viscous fuid model are
investigated through the NHA-GA-SQP algorithm, and the
most reliable approximate solution is successfully generated
based on seven diferent scenarios by assigning distinct
values to various physical parameters. Diferent statistical
performance operators are used to analyze the speedy
convergence, validity, and efectiveness of the suggested
solver. Te following are the highlights of the current
research:

(i) A comparison with the reference solution shows
that results generated through the designed algo-
rithm are accurate up to 7 decimal places.

(ii) Te higher convergence rate obtained through ft-
ness estimation guarantees that the designed solver
can easily attain the stif criteria.

(iii) Te analysis based on various statistical perfor-
mance operators shows that the proposed method is
quite reliable and robust for solving nonlinear
systems of higher-order diferential equations.

(iv) Te velocity 􏽢g′(η) rises with the increase in the
values of λ, E1 and N1 but shows a reversed im-
pression in the case of M.

(v) Te thermal profle 􏽢θ(η) shows a rising trend for the
growing values of Nb.

(vi) Te concentration 􏽢ϕ(η) diminishes against the rise
in the values of Sc, Nb, and c.

Te NHA-GA-SQP emerge as a fne alternate to obtain
results with high accuracy for the problems involving ODEs,
PDEs, fuzzy, fractional, and functional equations having
strong nonlinearity. In the future, this newly designed
technique shall be a fne alternate to handle stif nonlinear
fuid problems.

Nomenclature

v1, v2: Velocity components
E0: Strength of electric feld
B0: Strength of magnetic feld
v1w(x): Sheet velocity

σ: Electrical conductivity
Q0: Heat source/sink coefcient
(ρcp)g: Heat capacity of base fuid
(ρcp)p: Capacity of nanofuid
M: Magnetic parameter
λ: Te mixed convection parameter
Br: Brinkman number
c: Reaction parameter
Sc: Schmidt number
ρf: Density
Pr: Prandtl Number
DT: Coefcient of thermophoresis difusion
Tm∞: Ambient temperature
C∞: Concentration
DB: Brownian difusion coefcient
C: Nanofuid concentration
DB: Brownian difusion coefcient
E1: Electric feld parameter
Gr: Grashof number
N1: Buoyancy ratio parameter
Nt: Termophoresis parameter
β: Heat generation/absorption parameter
Nb: Brownian motion parameter
Ec: Eckert number.
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