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ABSTRACT:

Machine learning techniques employ new techniques to solve complicated issues and optimize methods for
understanding through large data sets. In fluid dynamics, there is currently a continuous and rising interest for the
use of nano particles in a variety of medical fields. Artificial neural networks (ANNs) help medical devices work
more efficiently by minimizing heat transfer through circulation control of hybrid nanofluids. ANN was also used
to look into the inspiration for magnetohydrodynamic hybrid nanofluid flow through a stretching sheet in the
presence of thermal radiation and porous medium. In this model used blood mixed with Cu-Al,O3 nanoparticles.
The PDE is transformed into an ODE by using the appropriate self-similarity variables. The dimensionless
equations are solved using the MATLAB software in the Bvp4c scheme. Furthermore, in the results section,
noticed that the velocity outlines decreased, and, on the other hand, there was an increasing tendency on the energy
outlines to increase the magnetic field parameter. Graphs and tables explain how operational factors affect fluid
flow efficiency. Hybrid nanofluids have a higher heat transfer rate compared to nanofluids. Consequently, the
latest study's originality, its impact on technology and mathematical information, and its potential to inspire young
scientists and also these kinds of models to play an important role in biomedical systems. In addition, magnetic
field interactions with tiny fluids may be tuned utilizing ANNs to create desired magnetic implications, hence
improving the efficiency of MHD compressors and biomedical industry.
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INTRODUCTION

The broad spectrum of machinery products generated in many sectors and connected to numerous engineering
uses is essential to modern living. Nonetheless, the item's effectiveness and efficacy play a difficult function. The
caliber of the final product determines this efficacy. Enhancing heat has been recognized as a significant obstacle
in the field of temperature distribution techniques by scientists and companies in the past few decades. Due to
their insufficient thermal conductivity, popular heat-transferring liquids such as water, gasoline, ethylene glycol,
petrol, and engine oil reduce the quantity of improvement in heat transfer that may be achieved. In 1995, Choi
introduced small atoms, which ranged in size from one to one hundred nanometers, to the basic liquids in order
to boost the thermal effectiveness of the fluids. They referred to this dispersion of colloidal matter termed
nanofluids (NFs) in their research document. Isolating tiny particles with high electrical conductivity from an
initial liquid with lesser conductivity significantly improves the fluid's characteristics [1]. Because of the
aforementioned, nanofluid is finding widespread usage in a wide variety of industries and fields, including
biomedicine, heat transfer, renewable energy sources, and heating elements. Additionally, NFs have shown that
they possess better thermal characteristics than conventional coolant, making them a promising alternative over
conditioning components in gadgets, power stations, and autos and also recent research efforts to improve the
thermal performance in tiny fluids heating processes have highlighted the wide range of possibilities for this
technology [2, 3]. These applications include cooling devices in complex electronics and aviation thermal control,
as well as processes for the movement of big vehicles and the production of electricity. The new inquiry is
predicated on the potential benefits of both hybrid and nanofluids, in contrast to previous examinations that
employed conventional fluids during the item's manufacturing. This happens as a result of the scattered
nanomaterials in the foundational fluid having a greater conductance.

Artificially intelligent technology is a branch of computer engineering that aims to solve issues, adapt to new
environments, make decisions, gain knowledge, and communicate with humans. A number of domains, including
but not limited to automation, vision, pattern identification, finding information, language processing, healthcare
computation, machine learning, visual processing, information extraction, data representation, among other
domains, provide applications for artificial intelligence. The ANN, which constitutes one of more often used
methods, represents neural processes in order to operate in a manner that is analogous to that human mind. It
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proves to be quite useful in addressing many complex physical technical difficulties. As a consequence, it works
in a variety of mechanical networks, such as engines with combustion, cooling systems, and temperature
equipment. To calculate heat conductivity utilizing ANN, researchers studied the impact of particle dimensions,
heat, and particle fractions. Their results demonstrate that ANN can accurately estimate the heat conductivity
within the Cu-Al,O3 mixed nanofluid. When it comes to determining the fundamental connects that exist among
information obtained from complicated structures or simulations of different levels of difficulty, scientists and
technologists from a variety of areas are utilizing the potential of artificial intelligence. One popular machine
learning tool for solving a variety of engineering challenges is the ANN, a non-linear framework. An ANN is a
network of linked neurons that can learn from its inputs and apply what it has learned to new situations. There is
a lot learning hope that ANN may solve problems in areas like efficiency and identification of patterns [4].
During the study of magneto hydrodynamics, often known as MHD, liquid, magnetism, and a field are all
components that work together to examine the evolution of devices. The movement of MHD has been the subject
of a number of researches both practical as well as conceptual, owing to the fact that it serves applications in
manufacturing [5, 6]. For a variety of industrial reasons, including power generation, building airplanes, and
nuclear power plant cooling. When it comes to biological science, MHD is a hot topic. Magnetohydrodynamic
(MHD) movement has been the subject of an exhaustive amount of theory and experimentation in a wide variety
of domains, including geothermal power, manufacturing, and physical processes. The MHD fluxes that are
involved with the movement of heat have received a significant amount of interest from the experts. This is as a
result of its uses in a wide variety of commercial industries, including the cooling of radioactive power plants,
electric-powered transportation for missions to space, planes, diamond development in fluids, microelectronic
components and many more [7,8,9,10].

To the best of the authors’ knowledge, limited studies have addressed the combined effects of
magnetohydrodynamic (MHD) forces, hybrid nanoparticles, heat generation/absorption, and thermal radiation on
blood-based nanofluid flow over a stretching sheet within an artificial neural network (ANN) framework.
Therefore, the present investigation develops a mathematical and computational model for the transport
characteristics of blood-based Cu—Al:Os hybrid nanofluid under the influence of an applied magnetic field and
thermal effects. The governing equations describing the fluid motion and energy transport are initially formulated
as nonlinear partial differential equations and subsequently transformed into a system of nonlinear ordinary
differential equations through appropriate similarity transformations. The resulting boundary-value problem is
solved numerically using the MATLAB bvp4c technique, and the generated numerical data are employed to
construct and validate an ANN model for predicting the flow and thermal characteristics. Blood is considered the
base fluid, while Cu and Al2O:s are incorporated as hybrid nanoparticles to enhance the thermal transport properties
of the working fluid. The model further accounts for heat source/sink, thermal radiation, and magnetic-field
effects, allowing the influence of these parameters on velocity, temperature, skin-friction, and heat-transfer
characteristics to be systematically evaluated. The numerical outcomes are presented through graphical and
tabular analyses, while the ANN predictions are compared with the numerical results to establish the reliability
and predictive performance of the proposed machine-learning approach. The developed framework offers a
computationally efficient means of examining complex blood-based hybrid nanofluid transport phenomena and
may provide useful theoretical insights for potential biomedical engineering applications, particularly in thermal
management, medical devices, and other systems involving controlled fluid flow and heat transfer.

2. Mathematical model

A two-dimensional heat-transfer problem for a blood-based Cu—Al.Os hybrid nanofluid flowing over a stretching
sheet is considered in the present investigation. The mathematical formulation incorporates the effects of the
porous medium and thermal radiation together with the velocity and energy transport mechanisms. Blood is
selected as the base fluid, while Cu and Al:Os are dispersed as two distinct nanoparticle components to form the
hybrid nanofluid, and the corresponding thermophysical properties are listed in Table 1. The velocity components
u and v are defined along the x- and y-directions, respectively. The stretching velocity of the surface is assumed
to vary linearly with the streamwise coordinate and is expressed as U=u,,=ax, where a denotes the stretching rate.
The temperatures of the stretching surface and the ambient fluid are denoted by 7, and T., respectively.
Accordingly, the present model is formulated to investigate the combined influence of magnetic effects, thermal
radiation, porous-medium characteristics, and heat source/sink on the flow and thermal behavior of the blood-
based hybrid nanofluid.
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Fig 1. Flow geometry.
The governing flow equations are constructed as [11, 12, 13, 14, 15]
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Non-dimensional equations are
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The dimensionless Egs. are
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Where Re,is the local Reynolds number.

3. Numerical method

(10)

)]

(12)
(13)

Using the Bvp4c method involved within MATLAB solver, the model solves the extremely nonlinear connected
ODE system that includes equations (7-8) together with boundary conditions (9). Equations 7-8 are initially
converted into a set of connected first-order equations before the start of the process. The Bvp4c method is widely
used in research and engineering assignments to deal with ODEs, especially when the specific nature of the
problem is unknown prior to time and an adaptable strategy is necessary to maintain accuracy and efficacy. The
numerical findings are presented for a variety of outputs for the factors examined in this study.

4. Design of artificial neural network (ANN) modeling

The ANN is a computer model designed to simulate the anatomical and functional properties of the nervous
system of humans. The suggested research has the purpose of analyzing the information for the many aspects that
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contribute to the reaction of optimal thermal transfer percentage, also known as the Nusselt number. Considering
knowing that it is a method that uses machine learning with a variety of jobs, our goal is to evaluate the
information. A neural network is built on a number of principles, which serve as its foundation.

Structures of neurons

The nerve cells constitute the fundamental building blocks of a neural network; they take in data, process it using
a weighted total, implement a function of activation and finally provide an output. Nevertheless, a typical neural
network architecture consists of three primary layers: (i) input phases, which capture incoming data; (ii) invisible
layers, that operate as a bridge connecting input and output, collecting characteristics and trends; and (iii) layers
for output, that generate the output.

Elements and prejudice

The connections among cells are nothing more than variables that the neural network learns throughout training,
known as weights. Additionally, bias serves as an extra variable that helps the algorithm to predict the autonomous
outcome.

The roles of activation

This presents the non-linear nature associated with the approach, which makes it possible to acquire knowledge
about a connection.

In addition to reverse propagation and feed forward

The method by how data is transferred between the first layers of input into the final layer of output is referred to
as feed forward. In this procedure, the weighted total and stimulation function are applied to every cell in every
level. Back-propagation describes the method through which an algorithm trains to alter its weights and prejudices
depending on the amount of error that exists among the previous forecast and the real value.

Training as well as learning

The term "epoch" refers to a period of time that runs across the whole of the information. Additionally, the training
rates serve as a hyper parameter which is responsible for controlling the phase length throughout the optimization
process [16-20].

The project of ANN and the purpose of the Levenberg technique to the construction of an ANN approach, which
is presented in Figs 2. Fig 2 displays the results of the examination of skin friction through a region agent of the
situations of ANN result nodes. Different parameters are determined beginning the input data from the network.
We trained the algorithm using 70% of the information, validated it using 15%, and tested its forecasts with 15%.
Tests of the skin friction coefficient and heat transfer rate have been carried out on the machine learning algorithm
throughout the training stage, verification, and evaluation phases. The results of these tests are shown in Figs 3-5
and Figs 6-8. So, it involves replicating the complex connection that occurs between the components that
constitute input and those that determine the output, it gives programs everything required. The results of the
machine learning algorithm are very similar to the characteristics that were generated by computers. The following
is an incredible occurrence.

Fig 2. Project of ANN.
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Table 1: Hybrid nanoparticles of thermo physical properties [21-22].

Property Blood | Cu ALO3
-3 1050 | 8933 3970
Density p (kgm™)
C (Jke 'K 3617 | 385 765
Specific heat 7 (Jkg )
Thermal conductivity | 0.52 401 40
k(Wm'K™)
-1 0.43 6 6
Electrical conductivity o (Sm™) 59.6x10 35x10

5. RESULTS AND DISCUSSION

Employing the assistance that is offered by the MATLAB algorithm in accordance towards the Bvp4c approach,
it is possible to get numerical solutions to the dimensionless equations (7) through (8), as well as the boundary
equation (9). The assessment that was carried out utilized many of all of the numerical information that had been
collected from the non-dimensional factors. The exact findings may be acquired from Tables 2, the conclusions
from both examinations were found to be fairly precise according to the conclusions.

Fig 9 shows that M influences the velocity plot. The velocity graph shows a decreasing tendency for larger M
numbers, indicating that M is growing. Physically, increasing M produces a Lorentz force that slows the flow of
the fluid. Because the Lorentz force faces movement of fluids, the rate of flow falls due to increasing opposition,
subsequent in a decrease in the field of momentum. Boosting the K values enhances the velocity outline, as seen
in Fig 10. Practically, boosting the K numbers makes a porous material more challenging to flow over, slowing
the movement of liquids. As an obvious and instantaneous result, the size of the outer border barrier is reduced.
Fig 11 depicts the effect of M on the energy profile. It directs that increasing the M factor increases the energy
contour. The inclusion of M within an electrically magnetic substance provides a frictional Lorentz force, which
accounts for this amplification. The force generated includes the potential to increase the fluid's heat. As a result,
the temperature profile has improved. The characteristics of the Rd parameter temperature profile are shown in
Fig 12. From a physics perspective, any generating operating above zero will generate thermal radiation. When
electromagnetic waves travel through hotter regions, they induce molecular spin, a process which subsequently in
turn generates kinetic energy. This illustration shows how a rise in energy could lead to a rise in heat transfer. A
higher thermal barrier is the outcome of a rise in Rd, which causes a larger quantity of heat to be transmitted into
the liquid. The total rate of absorption drops as the amount of energy increases, causing the temperature increase.
Fig. 13 illustrates the influence that the Ec has on the energy plot. Due to this assertion, raising the Ec values
improves the energy profile. Ec is accountable for the formation of frictional forces, that are the actual source of
the increase in fluid temperature.

Fig 14 depicts the influence of K and M on the skin friction profile. The skin friction factor decreases as K rises.
Similarly, increasing K alters the resistance associated with the porous medium and leads to a higher wall shear
response in the present formulation. The highest skin-friction values therefore occur in the upper-right region of
the contour diagram, corresponding to simultaneously larger M and K, while the lower-left region represents the
minimum skin-friction levels. The smooth and almost linear progression of the contours also indicates a systematic
interaction between the magnetic and porous-medium effects. Figs. 15 and 16 show the influence of Ec, Rd, and

_1 _1
M on the Nu,Re, /2 pattern. It demonstrates that the Nu,.Re,. /2 increases with higher levels of Rd and magnetic
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field. The maximum heat-transfer rate occurs at lower Rd, whereas higher radiation parameter values reduce the
Nusselt number.

Table 2. Impacts of various parameters on —f"’ (0) and —@' (0) in comparison with existed published work.
Ref. (Al-Zubaidi et al., 2023) [23].

M | K Ec ~f" (0) Al-Zubaidi et Present work 6" (0) Al-Zubaidi et Present work
al. [23] al. [23]

0.1 0.195773 0.195708 2.2673 2.26752
0.3 0.198929 0.198423 2.24989 2.24926
0.5 0.201617 0.201603 2.23387 2.23383
0.2 0.197417 0.197426 2.2673 2.26600
0.4 0.200324 0.200381 2.24989 2.24974
0.6 0.20282 0.202813 2.23387 2.23371
0.1 0.138557 0.138046 4.00117 4.00110
0.3 0.138611 0.138582 3.9913 3.99125
0.5 0.138665 0.138638 3.99708 3.99653

6. CONCLUSION

This research provides a mathematical framework to examine the flow and heat transfer properties of a blood-
based Cu-AlLOs hybrid nanofluid. The governing equations for the velocity and temperature fields are translated
into an appropriate boundary-value problem and computationally solved via the MATLAB bvp4c solver program.
Under the specified physical parameters, this numerical approach yields correct answers to the relevant velocity
and temperature variations. The numerical results are then evaluated to determine the influence of the key
controlling factors on the flow and thermal properties. The differences in physical amounts are provided in suitable
visualizations and tabular data to allow for a full evaluation of the findings.

The main findings are:

e The framework for artificial neural networks uses minimal processing resources, converges quickly, and does
not require the linearization process.

e Through the use of neural systems and machine learning, it is possible to get precise predictions about the
physical world.

e Velocity profile declined for the larger values of the M and K parameter values.

e The energy profile enhanced with an increasing the Rd parameter.

1
The C¢R er/2 slowly enhanced for the improving values of the K parameter.

_1
e The Nu,Re, "2 outline enhanced, for the rising values of the M and Rd.

The suggested model sheds light on the flow and heat-transfer properties of blood-containing hybrid nanofluids
in the presence of magnetic and heat influences. Incorporating Cu-Al.Os nanoparticles improves blood
temperature transport, indicating the possibility for enhanced biological heat transfer uses. The combination of
computational simulations with an artificial neural network provides a powerful prediction framework for
studying complicated mixed nanofluid systems and advancing biomedical engineering uses.
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