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Abstract: Nanostructured magnetic suspensions have superior thermophysical properties, which
have attracted widespread attention owing to their industrial applications for heat transfer enhancement
and thermal management. However, experimental measurements of the thermophysical properties of
magnetic-based nanofluids, especially under an external magnetic field, are significantly complicated,
expensive, and time consuming. Currently, the method of predicting and summarizing material
properties through machine learning has accelerated the development of materials and practical
industrial applications. This study aims to predict the thermophysical properties of magnetic nanofluids
by establishing an artificial neural network (ANN) using experimental data on viscosity, thermal
conductivity, and specific heat. The results based on the ANN model agree with the experimental
results according to the different evaluation criteria. Different previous theoretical thermophysical
models are reviewed, and the ANN model is proven to be more accurate by comparing the values of
the ANN model and previous thermophysical models, which can also provide a theoretical basis for
explaining the heat transfer of magnetic nanofluids. In the present study, a neural network model was
developed for predicting the thermophysical properties of magnetic nanofluids and using material

informatics to study functional materials.
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Introduction

Fluid thermophysical properties are the key to estimating heat transfer performance and efficiency,
which are almost ubiquitous in industrial fields [1-6]. Nanoparticles dispersed in base fluids are
collectively known as nanofluids, and their potential applications in electron cooling and heat transfer
have been investigated in recent years [3,4]. Depending on the types of particles received, nanofluids
can be divided into metal nanofluids (Au, Ag, Cu, Ni, etc.), metal-oxide nanofluids (e.g., ZnO, TiO»,
Fes304, A12O3), and nonmetallic nanofluids (e.g., carbon nanotube (CNT), graphene) [5,6]. Based on a



report by Choi in 1995 [7,8], the nanofluid became popular as a coolant or thermal transport medium
to obtain superior heat exchange efficiency when compared to the traditional working mediums in
energy conversion systems [9,10]. According to the type of base fluid received, nanofluids included
not only water-based nanofluids, but also oil-, ether-, and ester-based nanofluids [11,12]. Various
experimental and numerical studies have focused on the heat transfer of nanofluids and their
applications [4,13]. These studies have also shown that the superior thermal characteristics of
nanofluids can be influenced by the thermophysical characteristics of the base liquid and nanoparticles
[5,14].

Among the various nanofluids, magnetic nanofluids, which consist of a base fluid and
superparamagnetic nanoparticles, have potential extensive applications in microfluidic chips,
magnetofluid seals, and magnetic particle tracers because of their magnetic and fluid properties [15-
19]. Magnetic nanofluids, such as Fe, Co, Ni, and their oxides, are usually prepared using magnetic
materials with different morphologies and sizes [20-24]. Comparing to most nanofluids such as ZnO,
TiOz, and Al2O3 nanofluids, the cost of magnetic nanofluids is generally low because of their low-
priced raw materials and convenient preparation process [25,26]. The primary objective of using
nanofluids for heat transfer applications is to enhance the thermal conductivity, which is achieved by
adding nanoparticles [16,27]. Although the heat conduction performance of magnetic nanofluids has
been reported [28], the mechanisms for explaining the measured experimental data under applied
magnetism are still ambiguous [7,29]. In heat transfer applications, the development of controllable
thermophysical properties of nanofluids is a new research hotspot [30,31]. However, magnetic
nanofluids that are suitable for different heat transfer applications require conditions such as high
specific heat and high conductivity [32,33]. Hence, the primary research topics include the control of
nanofluid saturation susceptibility, free surface characteristics, and magnetorheological characteristics
of magnetic nanofluids under applied magnetism [34-36]. With the growing demand for magnetic
nanofluids with higher thermal conductivity, carbon-based magnetic nanofluids [36], which consist of
base fluid and carbon-based magnetic nanoparticles (Fig. 1), have become increasingly attractive
because of their superior thermal conduction and magnetism [37-41]. The use of carbon-based
magnetic nanofluids as the working medium is of great significance [42,43]. Particularly, the
possibility of inducing and controlling heat transfer processes and fluid flow through an external

magnetic field has enhanced the energy conversion of magnetrons in heat transfer systems [44-49].
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Fig. 1 Components of carbon-based magnetic nanofluids

The enhancement of heat transfer using carbon-based magnetic nanofluids under external
magnetism is defined as a compound thermal management technique that enhances the heat transfer
process [50-53]. As an important branch of fluid mechanics, the coupling problem between
magnetohydrodynamics and heat transfer has not yet been solved, although it has been investigated
[16,17]. In terms of experiments, owing to the different research contents, the thermal properties of the
same nanofluid, such as specific heat, viscosity, thermal conductivity, and other systems, are rarely
tested in the same work [54]. For this reason, it is difficult to evaluate the thermal characteristics of
nanofluids based on a single thermophysical property [55]. However, because the magnetic particles
in a magnetic liquid under a magnetic field, which are under the action of thermophysical properties,
especially viscosity and thermal conductivity, will exhibit corresponding changes [56,57], this type of
dynamic distribution of magnetic particles under the thermophysical experimental measurement of
magnetic liquids is significantly difficult [58,59]; consequently, so far, only a few reports have been
published on the related theory of thermophysical properties under the action of magnetism [60,61].
The factors affecting the thermophysical properties of nanofluids have not been completely clarified;
however, these factors are certainly affected by the base fluids, nanoparticles, and external field (Fig.
2) [55-62]. Many of the influencing factors are not simply independent but have a complex coupling
relationship [38,63]. For example, the Brownian motion of nanoparticles can increase the chance of
collision between nanoparticles and affect the agglomeration of solids in the suspension; moreover,
this motion is related to the size of nanoparticles, which can further affect the Brownian motion of
nanoparticles [39,64]. Although several theoretical investigations and experimental studies have
investigated the thermal and physical characteristics of different suspensions, related theories based
on the characteristics of solid particles and liquids are still not appropriate for forecasting the thermal
characteristics of nanofluids under an external field [65-68]. Therefore, it is essential to develop a new
modeling method for nanofluids to better describe the impact of several factors on the thermophysical
characteristics qualitatively and characterize the strengthening characteristics of the thermophysical

properties of nanofluids [40,69].
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Fig. 2 Analysis of factors that can affect the thermo-physical of carbon-based magnetic nanofluids

Materials informatics is an emerging field that exploits the achievement of information
technology to advance the exploration of the utilization, selection, development, and discovery of
materials [31-33]. Comparing to experimental measurement, materials informatics only needs the cost
of the calculation, which can replace the expense of experimental equipment and materials to a certain
extent [70,71]. In the widely accepted scheme of determining structure—property relationships, the
nonlinear and coupling problems are still a big challenge while directly modeling these relationships.
Hence, material informatics provides an alternative way to predict them without too much concern for
domain-specific assumptions and models [35]. Machine learning is a problem-solving approach based
on a probability distribution model and statistical analysis rather than a domain-specific model. This
significantly enlarges the application scope of machine learning approaches [66,73]. Generally,
machine learning can be roughly divided into three categories: supervised learning, unsupervised
learning, and reinforcement learning [22]. The work presented in this paper is under the category of
supervised learning. Since the breakthrough of deep neural networks in the computer vision
community in 2012, industry and academia have turned their attention to applying artificial
intelligence methods to their specific domains [22,71]. A series of successes in other totally different
applications prove the significant generality and flexibility of neural networks. There are several
variants of artificial neural networks (ANNs), such as convolutional neural networks, recurrent neural
networks, and long short-term memory networks [22,66]. Each of these networks is adapted to specific
domains and with its own built-in inductive bias. The essential structure of an ANN contains at least
three layers, including one input layer, one output layer, and several hidden layers. The neural network
can be deployed during the training and testing stages [30]. Initially, a weight vector is randomly
assigned. In the process of information transmission, the learning samples are input into the input layer.
The output vector is obtained based on the initial weight vector. Then, the network calculates the error
between the output and target output vectors. Through error backpropagation, the network corrects the
weight based on the gradient descent method to obtain an optimal solution [22,24]. Weights are updated

automatically while minimizing the error function on the training set until the error no longer decreases.



The error in the testing set is an identifier of underfitting or overfitting and can be used as a reference
to manually tune hyperparameters such as the learning rate or regularization coefficient [68]. On this
basis, the thermophysical modeling theory of nanofluids is further improved [24,72]. Utilizing ANNs
for thermophysical modeling is highly advantageous [24,73]. As a type of typical "black box"
modeling technology, the ANN can effectively replicate the self-learning ability of natural neurons,
i.e., the faculty of "memory"; moreover, setting up of the related process parameters is not required to
achieve an accurately function model [70-74]; in addition, the directed graph topology can be used to
approach nonlinear relationships with a degree of accuracy; further, ANNSs also have the strong ability
of self-organization and are adaptive [42-44]. With a high-dimensional parameter space, the ANN is
sufficiently flexible to represent the coupling and uncertain relationship of complex nanofluid
thermophysical properties. In addition, the exponential development of infrastructure related to ANN
has made it more accessible, with an unprecedented utilization in the intelligent industry [66].

In this paper, an artificial intelligence approach for forecasting the thermophysical properties
(viscosity, specific heat, and thermal conductivity) of carbon-based magnetic nanofluids is proposed.
First, carbon-based magnetic nanofluids were prepared, and the thermophysical properties with
different magnetic volume fractions in nanomaterials (¢m), organic ethylene glycol (EG) mass fractions
in the base fluid (@), nanomaterial volume fractions in the nanofluid (¢n), temperatures (7), and
magnetic field strengths (M) were measured. Then, an optimal ANN was designed using experimental
data. "Root mean square error" (RMSE), "mean absolute percentage error" (MAPE), "coefficient of
determination" (R?), and "mean square error" (MSE) were determined to evaluate this proposed model.
Finally, different previous models were reviewed, and their performances were compared with those
of the ANN models to predict the thermophysical properties of the carbon-based magnetic nanofluids.
The purpose of this work is to evaluate and forecast the thermophysical properties of carbon-based

magnetic nanofluids by considering multiple factors using machine learning and statistical analysis.

2. Experimental setup and research methodology

2.1. Artificial neural network (ANN) and simulation

The procedure in material informatics for determining the thermophysical properties of carbon-
based magnetic nanofluids is shown in Fig. 3. The structure of the ANN shows the connection between
the neural layers and the neurons, and the model for predicting the thermophysical properties is used
to build a bridge from the small amount of experimental and simulated data to practical application
based on thermal exchange and flow of nanofluids. ANNs take inspiration from the human brain, which

is a densely connected and packed network from the perspective of neurologists [62]. However,



essentially and more mathematically, the ANN is a parametric functional approximation with several
parameters to be fitted with the data [63]. The training of the ANN is cast into an optimization problem
of the cost function in the ANN weight-parameter space. Given sufficient observations of dependable
and undependable variables, the ANN is able to extract the underlying functional relationships and
abstract features inside the data. The pipeline of the general machine learning approach in material
informatics consists of the following three parts. (1) Data collection: Data are typically generated by
simulations or experiments conducted by material analysis. (2) Data representation: Raw data in the
real world are usually dirty and the unreasonable outliers must be removed. Rescaling of the data scope
and removing unrelated features can improve the robustness and convergence of algorithms. (3) Data
mining: It involves the exploration of the underlying relationship between structural features and
desired properties [64]. During the training process, weights are updated using an efficient and popular
stochastic gradient descent (SGD) method. Hyperparameters and the regularization method can be
chosen appropriately based on the model performance on the test set, or alternatively, by cross
validation. The tangent—sigmoid function is chosen as the transfer function in the hidden layers, while
the output layer is without a transfer function. Furthermore, the training algorithm adopts
backpropagation, which is the Adam algorithm version of the SGD. Five input dimensions were
considered in this study, including the magnetic volume fraction in nanomaterials (¢m), organic mass
fraction in base fluid (@), nanomaterial volume fraction in the nanofluid (¢n), temperature (7), and
magnetic field strength (M). The three output parameters were the specific heat capacity (Cp), viscosity

(1), and thermal conductivity (k).

Hidden layer

Input layer Output layer

e
\vlm. ‘\‘\\\"i}, \\

Heat sink

N\,
\»

\ Q'
A\‘ u ’A'L

p
'I & \\\V“‘I ’\:\/

< \\WV
A

Artificial neural network model

=

Fluid Mechanics

Ebpoe o

Micro-nano devices

Simulations

Fig. 3 Schematic diagram of artificial neural network structure predicting thermo-physical properties



ANN techniques in machine learning commonly use a multilayer perceptron (MLP) network,
which is one of the most valued methods of monitored networks. Inspired by the biological neural
network (Fig. 4a), the function of the ANN model is to build a regression relationship between the
thermophysical properties and various operating conditions using carbon-based magnetic nanofluids.
The network architecture is constructed without recurrent or lateral connections, falling into the large
category of feedforward networks [69]. The information in our dataset flows into the network from the
input layers. The input data are forward propagated by each hidden layer and extracted into more
manipulable features in the next hidden layer. The transfer function in each hidden layer is employed
to change the input-output relationship from linear to nonlinear. If not, the MLP is equivalent to a
trivial one-layer perceptron. Finally, the three thermophysical properties are obtained from the output
layer [70]. All the weights between layers can be updated efficiently by a backpropagation algorithm
to minimize the training error. Data processing within one neuron is shown in Fig. 4b. By assuming »
inputs that are applied to the network, and an activation function f, the transitive output y of one neuron
is defined as the weighted sum of its inputs. w; is the connection weight of the neuron and b is the bias.

The process can be formulated as [71]:

y=fQLiwix; +b) (1)

a ) b
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Fig. 4 (a) Schematic diagram of the biological neural network (b) The flow chart of data processing within a neuron [71]
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2.2. Experimental preparation and characterization of magnetic nanofluids

Material preparation: Iron (11) chloride tetrahydrate, EG, CNTs, iron (l11) chloride hexahydrate,
Co0304 nanoparticles, Ni nanoparticles, and ammonia solution were purchased from Aladdin Reagent
(Shanghai, China). Deionized water (DW) that was purified in a laboratory-based ultrapure water
system (arium mini plus; Sartorius, Gdtingen, Germany) was used in all experiments. All reagents
were used without further treatment because they were of analytical grade. The preparation and

characterization of carbon-based magnetic nanofluids have been reported as follows. Two different



iron (I1) chloride tetrahydrate compounds were mixed with DW. Then, the ammonia solution was
added and maintained at 80 <C. Subsequently, the dark Fe3Os was combined with CNTSs in different
ratios (1:1, 2:1, 3:1, and 4:1) in DW under ultrasonic vibration. After drying, the FesO4/CNT
composites were added to EG/DW solution, which was prepared in different ratios (1:1, 2:1, 3:1, and
4:1) in advance. The thermal conductivity was measured using a conductometer (TC-3000L, Xiatech
Electronic Technology, China), as shown in Fig. 5a. As Co304, Ni, and Fe3O4 nanofluids showed
nearly indiscriminate thermal conductivity when using the same volume fraction, Coz0a, Ni, and Fe3O4
nanoparticles can be regarded as unified magnetic nanoparticles when their nanofluids only serve as
the working media for heat transfer. With an increase in the EG mass fraction (Fig. 5b) in the base
fluid from 1:1 to 4:1, the thermal conductivity decreased, because EG weakens the thermal conduction
between the DW and the nanoparticles. Conversely, when the magnetic nanoparticle mass fraction
(Fig. 5c) in nanofluids was increased from 1:1 to 4:1, the thermal conductivity increased with an

increase in the volume fraction, as depicted in Fig. 5d.

2075 2~ 0.80
a = i n b { f ®mDW
..! e '\_'m‘mUﬂu'd . E‘ 0.75- @ EG:DW=(1:1)
s A Fe,O,nanofluid ' t EG:DW= (2:1)
E 0.70 . ! . E 0.70 - ¥ EG:DW= (1)
E * Co0,0, nanofluid Zoes. # EGDW-@n) .
. > n | ]
Z0.65 2 2 2060 m = =
= = |
g g B2 2 g oss| . o . .
S 060 R S o050 ® o
=] S 045 L
E =T v 3 3
£055 S04 3 T e 3
£ 035
= 2 {
=050 : ' =030 : .
20 30 40 50 60 20 30 40 50 60
Temperature (°C) Temperature (°C)
070 - 2~0.70
C = = DW d % = DW
—.-E 0.68 @ Fe O CNT-1:1 - 0.68 ® 1Vol.%
m A Fe0:CNT=2:1 E 2 Vol.%
= B = 066 L8 *
Z o661 v Fe,0:CNT =3:1 ™ z v 3;0:-: . v
i3 Fe,0,:CNT =4:1 - Zogsp  ® AV ¢ * v
2 4 = * v Y
T 0.64 ] v T 0621 & v .
= =
i s 8 X - 2 060X . L
Soe2te s = s o * [
= v - Z0ss|® s = "
= =
0.60 |
g ] g 0.56 @
-
Sosgle o =054l ! ' :
20 30 40 50 60 20 30 40 50 60
Temperature (°C) Temperature (°C)

Fig. 5 Experimental thermal conductivity data of magnetic nanofluids: (a) Different nanoparticles (Ni, Fe3O4, C0304); (b)
Different ethylene glycol (EG) mass fractions in base fluid; (c) Different magnetic volume fractions in nanomaterials; (d)

Different magnetic volume fractions in nanomaterial

The rheological properties of the carbon-based magnetic nanofluids were measured using a super
rheometer (Kinexus PRO, Malvern, US). From Fig. 6a, it can also be noted that Co3O4, Ni, and Fe3O4

can be regarded as unified magnetic nanoparticles because of their undifferentiated viscosity. With the



increase in EG mass fraction (Fig. 6b) in the base fluid from 1:1 to 4:1, the viscosity of carbon-based
magnetic nanofluids increased because EG has a higher viscosity when compared to DW. Conversely,
when increasing the FezOs mass fraction (Fig. 6¢) in carbon-based magnetic nanofluids from 1:1 to
4:1, the viscosity of carbon-based magnetic nanofluids increased because the density of carbon-based
magnetic nanofluids increases when the volume fraction is constant. The viscosity of carbon-based

magnetic nanofluids increased with increasing volume concentration, as shown in Fig. 6d.
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Fig. 6 Experimental viscosity data of magnetic nanofluids: (a) Different nanoparticles (Ni, Fe3Os, C0304); (b) Different
EG mass fractions in base fluid; (c) Different magnetic volume fractions in nanomaterials; (d) Different magnetic volume

fractions in nanomaterial

The specific thermal capacities of the carbon-based magnetic nanofluids were measured using a
differential scanning calorimeter (204 FI, Netzsch, Germany) based on the sapphire method. Similar
to viscosity and thermal conductivity, CosO4, Ni, and FesO4 nanoparticles can be regarded as unified
magnetic nanoparticles while measuring the specific heat capacity (Fig. 7a). With the increase in EG
mass fraction (Fig. 7b) in the base fluid from 1:1 to 4:1, the specific heat of carbon-based magnetic
nanofluids decreased because the EG weakens the specific heat of the base liquid when compared to
DW. In contrast to the other parameters, when increasing the Fez04 mass fraction (Fig. 7c) in carbon-
based magnetic nanofluids from 1:1 to 4:1, the specific heat of the carbon-based magnetic nanofluids

decreased. Meanwhile, the specific heat of carbon-based magnetic nanofluids with different volume



concentrations was investigated, as shown in Fig. 7d. The specific heat of the carbon-based magnetic

nanofluids decreased with an increase in the volume fraction from 0 to 4 vol. %.
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Fig. 7 Experimental specific heat capacity data of magnetic nanofluids: (a) Different nanoparticles (Ni, Fe3Os, C0304);
(b) Different EG mass fractions in base fluid; (¢) Different magnetic volume fractions in nanomaterials; (d) Different

magnetic volume fractions in nanomaterial

2.3. Data acquisition of thermophysical properties of materials

For an effective data-driven prediction method, obtaining a sufficient amount of sample data is
the key to accurate neural network prediction. The thermophysical properties of carbon-based
magnetic nanofluids were predicted and analyzed by the neural network by selecting the experimental
data of thermophysical properties published in existing literature and the measured data from previous
experiments, which are listed in Table 1 [45-69]; thus, 713 sets of published experimental data were
employed as samples to be input to the model. The datasets were randomly divided into test, validation,
and training data. The training dataset contained 70% of the total data and was used to adjust the
weights of the network. The validation dataset, accounting for 15% of the total database, was utilized
to minimize overfitting and affected the tuning of the weights. Finally, the remaining 15% of the
collected data were employed to test the samples. To verify the effect of the above prognostic
framework, sufficient sample data on the thermophysical properties of magnetic nanofluids were used

to train and test the ANN model. The hardware and software configurations used in this work are as
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follows: Intel(R) Core(TM) 17-8700 CPU, Programming Language: Python 3.6, Pytorch 1.0.0.

Table 1 Experimental thermo-physical properties data of previous works used in neural network prediction

Date Authors Nanoparticles | Base fluids Thermo-physical properties

2005 Lietal. [45] Fes0q H20 thermal conductivity, viscosity

2009 Phuoc et al. [46] Fe203 H20 thermal conductivity, viscosity

2010 Abareshi et al. [47] Fes0q H20 thermal conductivity

2010 Wright et al. [48] Ni/CNT H20 thermal conductivity

2012 Sundar et al. [49] Fes04 EG/DW viscosity

2012 Collaetal. [50] Fe203 H20 thermal conductivity

2013 Ghofrani et al. [51] FesOq H20 viscosity

2013 Sundar et al. [52] FesOq H20 thermal conductivity, viscosity

2014 Yu etal. [53] FesOq kerosene thermal conductivity

2014 Sundar et al. [54] MWCNT-Fes04 H20 thermal conductivity, viscosity

2014 Sundar et al. [55] Ni H20 thermal conductivity, viscosity, specific heat capacity
2015 Esfe et al. [56] Fe H20 thermal conductivity, viscosity

2015 Mariano et al. [57] Co304 EG/DW thermal conductivity, viscosity

2015 Karimi et al. [58] Ni H20 thermal conductivity

2016 Afrand et al. [59] FesO4 EG/DW viscosity

2016 Harandi et al. [60] MWCNTSs-Fes04 EG thermal conductivity

2016 Shahsavar et al. [61] CNT/Fe304 H20 thermal conductivity, viscosity, specific heat capacity
2016 Wang et al. [62] FesO4 H20 viscosity

2016 Kumar et al. [63] Fe20s EG/DW thermal conductivity

2016 Nurdin et al. [64] Fe203 H20 thermal conductivity, viscosity

2017 Esfe et al. [65] C0304 EG/DW thermal conductivity, viscosity

2017 Amani et al. [66] MnFe204 H20 thermal conductivity, viscosity

2018 Vinod et al. [67] FesO4 H20 thermal conductivity, viscosity

2018 Shi et al. [68] FesO4/CNT H20 thermal conductivity, viscosity, specific heat capacity
2019 Fu et al. [69] FesO4 EG/DW thermal conductivity, viscosity, specific heat capacity
2019 In this work FesO4/CNT EG/DW thermal conductivity, viscosity, specific heat capacity
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2.4. Prediction model evaluation criteria

To assess the accuracy of the prediction results from the ANN model for correlation, the
standardized coefficient was implemented to determine the influence of each specialty variable on the
value of the dependent variable; moreover, deviation analysis of the thermophysical property ratio
(TPR) can be calculated as follows:

_TPR.-TPR,
- TPR.

SCD ()

where SCD is the standardized coefficient of deviation and TPRe and TPRp indicate the predicted
values and experimental data of the TPR, respectively. To evaluate the predictive performance of the
ANN, the testing data that were not used during the training process were analyzed. We analyzed
unused test samples during network training to evaluate the predictive performance of the neural
networks. Different criteria were used to evaluate the quality and accuracy of the predictive network.
Subsequently, the Marquardt-Levenberg algorithm [70] was incorporated into the curve fitting to
obtain a stable value for the correlation coefficient. The algorithm examined the parameter with the
minimum sum of the squared error between the experimental thermophysical property data and the
prediction result of the standardized magnetic nanofluid [71,72]. The sum of the squared error was
calculated using the following equation.

S=>" (TPR.-TPR)’ 3)
R? reflects the difference between the predicted value and the experimental result and is used to assess
the validity of the results predicted by the ANN. The calculation is as shown in following equation
[71].

> (TPR.-TPR)’

R =1- 4)
n 2
> (TPR.—TPR)

However, R? is not sufficient to judge whether the obtained results are valid in certain cases. Hence,
other parameters such as the MSE, RMSE, and MAPE are determined to verify the predicted results,

where n is the number of data in the test set [72].

100%zn TPR —TPRpI )

MAPE = |
= TPR,

A MAPE of 0% indicates a perfect model, and a MAPE greater than 100% indicates an inferior model.



RMSE = Ezi":l(TPRE —TPRp)J | (6)

RMSE measures the deviation between the observed and true values. It is often used as a standard for

measuring the prediction results of machine learning models.
1 2
MSE = HZH(TPRE ~TPR)) (7)

To calculate MSE, the square of the difference between the true and predicted values is determined
and then its sum is averaged. It is convenient to derive the derivative in the form of a square;

consequently, this parameter is often used as the loss function of linear regression.

3. Results and discussion

The ANN model aims to study models or develop software that can mimic planned or real systems
and analyze results with less effort or risk. It is helpful for predicting the potential costs and
requirements of current systems, thereby achieving management with higher performance. This section
first reviews the previous models used to analyze the thermophysical properties of nanofluids and then
presents a comparison of the results of the simulation models that predict the thermophysical properties
of carbon-based magnetofluids with those of the previous models. Finally, empirical models were
developed to predict the thermophysical properties of carbon-based magnetic nanofluids, and certain
possible theories are explained for the model proposed by the neural network.

3.1. Review of previous models related to theoretical thermophysical properties of nanofluids

The physical properties of nanofluids change with the addition of nanoparticles in terms of density,
viscosity, thermal conductivity, and specific heat capacity [68]. Different researchers have different
perspectives on how and to what extent nanoparticles affect nanofluids; however, there is no doubt that
these properties are affected [55]. The consensus on the effect of thermal conductivity is that the
thermal conductivity of nanofluids increases when nanoparticles are added [55,66]. However, the
effect of the addition of nanoparticles on the other physical properties of nanofluids has not been
investigated [69]. Several studies have been conducted on the changes caused by the addition of
nanoparticles. The addition of nanoparticles may affect the properties of nanofluids in multiple ways,
which can be due to the properties of nanoparticles, temperature, pH, and the amount of added
nanoparticles [54-63]. Certain researchers have reported that adding nanoparticles increases the pH of

the solution, but others have provided completely different results [57]. Certain researchers have



indicated that the addition of nanoparticles can increase the heat capacity of nanofluids [55,61]. To
accurately understand the changes in these properties, experiments are required. Several experiments
have been conducted on the various physical properties of nanofluids; however, there are insufficient
theoretical models for calculating the viscosity and thermal conductivity of nanofluids based on the
properties of nanofluids and solutions [45,52]. The experimentally measured results are more accurate
but require tools that are not very convenient.
3.1.1. Theoretical thermal conductivity models

The cooling of all types of industrial equipment is a challenging task. A variety of industrial
operations, such as heating, chemical reactions, require timely cooling. There are several types of
liquids used to cool equipment; however, many of the fluids used to cool the industrial equipment have
poor thermal conductivity; consequently, the cooling effect is not ideal. Thermal conductivity is an
important thermophysical property that is typically used to evaluate the heat transfer capability of
fluids [75-92]. The Maxwell model is well known for predicting the heat conduction performance of
a liquid—solid suspension. It can be applied to statistically low bulk concentrations and homogeneous
mixtures in which particles are dispersed randomly and the size is uniform [75]. In the Wasp and
Hamilton—Crosser models [76,77], the influence of the shape of nanoparticles on the thermal properties
was considered. When compared to the classical Maxwell equation, it was revealed that the thermal
conductivity can be evaluated more effectively according to the approximate method of concentration
distribution of magnetic nanoparticles. Choi first proposed the role of nanoparticles in improving the
thermal conductivity of liquids in 1995. Many solid substances, such as metals or nonmetallic oxides,
have good thermal conductivity, and nanoparticles of these substances can improve the thermal
conductivity of the liquids used for cooling. In addition to being used for equipment cooling, there is
also the problem of thermal conductivity in the heat transfer process. After the nanofluid concept was
introduced, an estimation process for the thermal conductivity of nanofluids in thermal exchange
calculations was proposed by Yu and Choi [78], who considered the ratio of nanoparticle radius to
nanolayer thickness. It was ascertained that the results of analyzing the lognormal distribution of data
depend on the experimental method and the facts of the relevant model. Koo and Kleinstreuer et al.
[80] demonstrated that there is a region around the nanoparticle where liquid molecules behave
differently than the rest of the base fluid. This region is similar to an interfacial layer, where a transition

occurs between the nanoparticle and base fluid. This affects the conductivity of the liquid. This model



can be used to determine the influence of different sizes, geometries, and distributions of nanoparticles
on nanofluid properties. However, this model is also limited because it is based on the premise that the
mixture is continuous, and the thermal conductivity is only related to the properties of the nanoparticles
and the base solution. In 2005, Chon et al. [81] proposed another correlation method for computing
the effective thermal conduction performance of nanofluids at specific temperatures. It should be noted
that the thermal conductivity of nanofluids decreases if an interface layer is formed. This combination
is not appropriate if there is significant thermal resistance at the interface between the nanoparticle and
the base solution. In fact, the liquid properties at the interface also have significant research value.
Different mask properties may affect the overall thermal conductivity. Nanofluids resemble composites
in their structures. If the nanofluid is analogous to a composite material, then the nanoparticle is the
core, surrounded by an interfacial layer of intermediate properties, which is then surrounded by a base
fluid. This structure forms a polyphase system and improves the overall thermal conductivity. Till date,
extensive thermal conduction performance models have been established for nanofluids, as shown in
Table 2 [75-92]. Based on previous formulas and theories, these modes consider the influences of
nanoparticle size, nanoparticle shape, temperature dependence, and particle volume fraction by
considering the movement of nanoparticles in the base fluid, such as Brownian motion. However,
nanofluids with nanocomposites and mixture base fluids have not yet been developed, especially
magnetic nanofluids in this case. Certain theories have suggested that magnetic fields result in changes
in the local concentration of magnetic fluids, thereby affecting the thermal conductivity, while others
have proposed that magnetic fields generate a nanoparticle chain, which can result in directional
thermal enhancement.

Table 2 Summary of effective thermal conductivity models for nanofluids.

Model Date Equation Remarks
Maxwell [75] 1904 (knp+ 2k ) ~260 (ki —knp) Considered the volume fraction of
Kerr = oy [(k p+2kpr)+(kpr—k p)] i
" " solid
Hamilton and 1962 ek (knp+(n_1)kbf)_(n_1)w(kbf_knp)] n=3
Crosser [76] F T T Genpt k)@ (kg —ienp)
Wasp [77] 1979 (kg + 2k ) 2 (e p—kenp) @ isthe particles shape parameter
keff - kbf (knp”kbf)*‘l’("bf_knp)]
Yu and Choi 2003 f f [(knp+2kbf)_w(kbf_knp)(”n)g] n is the ratio of the nanolayer
[78] SIS T Gl 2zko)+o (ko —knp) G40)? thickness to the particle radius
Jang and Choi 2004 dy Considered the convection and
kerr = kys [1 + cd—fk}dpReéinr] _
[79] P conduction heat transport




135<m>“3( ooy )"-*’2( ey (m)”
knp AdnpVBr T 1vp,? knp

Koo and 2004 2k V=200 (J r—fe Considered the particle size, volume
_ ks = kbf{ ((k . +zkbf))+ (p(i = ,,))] +5 % 10°B9pyCpy f T <P)} _
Kleinstreuer )T O np fraction and temperature dependence
[80] F(T, @) = (—~134.63 + 1722.3¢) + (0.4705 — 6.04¢) (%)
Chon et al. [81] 2005 2, 0:3690 0.7476 Considered particle size and
keff = kbf [1 + 64.7((,0)0'7640 (ﬂ) (ﬂ) Pr19.9955Rel.2321]
dnp knp temperature
Maiga et al. 2005 kepr = kpp[1+2.72¢ + 4.97¢?] Considered nanoparticle volume
[82] fraction
Prasher et al. 2005 — {(1 + ARe™Pro3) (g 2k )20 (ki —kinp) } Considered the convection near the
e
[83] (enprt 2k )+ (ks —kenp) particle and interfacial resistance
Patel et al. [84] 2005 — {1 oy [ o 2KaTdny ]} Considered the nanoparticle diameter,
e 2
ko dnp (1) s dnp volume concentration and Brownian
motion
Timofeeva et al. 2009 Kopr = kpp[1+ (CFMP° + C27%) ] = ki [1 + €] Considered the nanoparticle shape
[85]
Vajjhaet al. 2010 Considered the nanoparticle diameter,
Kepy = [ telronll i 45 % 1048y Cony [ £(T, )
eff = (knp+ 2k )+ 0k r—Fonp) | 2F PPorlppf % i i
[86] npEXbf IO Hnp volume concentration and Brownian
F(T,9) = (28217 £ 102 + 3917+ 107) (- )+( 3.0669 * 1072 — motion
3.3.91123 x1073)
Corcione et al. 2011 7 \10 /5, 003 Considered the frizzing point of base
Ky = b [1+ amettprs (1)1 (22)°" goce] |
[87] Tfr kof fluid (0.2% < ¢ < 9%)
_ 2ppsKpT
Renp - T’-’bezdnp
Nkurikiyimfura 2013 kerr = kpp[B@ime — 1)+ 3(1 = @) + [B@ine — 1) — 1]7] Considered the magnetism parameter
etal. [88]
Sharma et al. 2014 137 7102777 Considered the different components
Keps = kg [0.8938 (1+2)7 (1+2) " (14 _ _
[89] 100 70 in the nanofluids
dnp\ 00336 (a,, 0.01737
=)
Sundar et al. 2014 ke = kpp[A+ Bo] Considered the nanoparticle diameter,
[90] volume concentration temperature and
thermal diffusivity
Esfe et al. [91] 2015 kopr = kyp[1+ (0.26876 x 099288 x g, ~03510%)] Fe-H,0
Hassani et el. 2015 Considered Brownian velocity and
0.33
[92] kepr = kg {1-04 +@ltlpto7288 (:::) X pr=t7 [Pr:, (k 26)20 =+ molecular diameter of hydrogen
np
kbf

3.1.2. Theoretical prediction models of viscosity

While considering the viscosity of nanofluids, there are several published theoretical models for

predicting the viscosity, as listed in Table 3 [82,85,87,89-101]. They summarized the effects of several

property parameters of nanoparticles on the dynamic viscosity of nanofluids. These parameters include

temperature and the shape of the particles. This shows that the addition of nanoparticles affects the




viscosity of the liquid; moreover, as more nanoparticles are added, the increase in viscosity becomes
greater. Further, as the temperature of the particle increases, the degree of viscosity increases. Although
several factors influence the viscosity of nanofluids, correlations can still be identified. Till date, all
the predicted modes indicate that temperature and concentration are two important factors affecting
the viscosity of nanofluids. Different studies have proposed different theoretical models according to
the volume concentration and temperature range, but there is no unified model with wider adaptability.
For instance, Koo and Kleinstreuer et al. [96] considered the effect that results from the Brownian
motion of nanoparticles in low volume concentrations. When the volume concentration is greater than
a certain value, the model underestimates the valid suspension viscosity because it reckons without
considering the interaction between particles. Certain extended correlations for the case of higher
nanoparticle fractions were also proposed based on the notional analysis. Nguyen et al. [97] presented
a simple correlation based on experiments that considered high volume concentrations of nanoparticles.
When the volume fraction further increases, certain studies consider the Krieger—Dougherty equation
using the intrinsic viscosity and effective volume concentration. This model is widely used to forecast
the valid viscosity of liquid—solid suspensions. Nevertheless, it is applicable in the case of low volume
concentrations. In the case of the effect of temperature on nanofluid viscosity, Abu-Nada [98] predicted
that the influence of temperature on the viscosity of the base fluid is approximately equivalent to its
influence on the viscosity of the nanofluid. Certain definitions of the relationship between these two
factors and the viscosity of nanofluids were proposed by Masoumi et al. They introduced magnetism
into the viscosity of nanofluids. Their study identified that a fluid with magnetism, with or without an
applied magnetic field, is more viscous than before. Here, the strength and direction of the magnetic
field are the key factors. Saedodin et al. [100] proposed a theory within a dimensionless group in terms
of bulk concentration, nanoparticle size, and temperature to calculate the effective viscosity of a
nanofluid. Because the magnetic field blocks the motion of the particles, it can stop the movement of
particles. The exact mechanism of this phenomenon is not yet clear, and further experiments and
exploration are required. Moreover, Esfe et al. [101] believe this is because magnetic fields that are
perpendicular to the fluid are more viscous than fields that are parallel to the fluid. This will allow the
reader to have a more contradictory understanding. It is worth mentioning that Wang et al. developed
a viscosity model of magnetic nanofluids by considering magnetic field intensity, temperature, and

concentration. When the direction of the magnetic field is parallel or perpendicular to the direction of



the fluid, the viscosity of the fluid also increases with an increase in the strength of the magnetic field,

and the two are positively correlated. However, when the magnetic field increases to a certain strength,

the viscosity of the fluid stabilizes, rather than increasing continuously. There are certain differences

in the available data regarding the increase in fluid viscosity owing to the two different directions.

Despite these works, the viscosity of composite-based nanofluids under applied magnetism has not

been researched.

Table 3 Summary of effective dynamic viscosity models for nanofluids.

Model Date Equation Remarks
Pak and Cho [95] 1998 Pepr = Hpr[1+39.11¢p + 533.9¢7] Water-Al,O3 nanofluids
Water-TiO, nanofluids
Maiga et al. [82] 2005 Pepr = Mpp[1+ 7.3 + 123¢7] Water-Al,05 nanofluids
Pepr = Mpr[1 = 0.19¢ + 306¢2] Ethylene glycol-Al,O; nanofluids
Koo and Kleinstreuer 2005 Uers = (15% + Uprownian Water-CuO nanofluid
el Herownian = 5 X 10*B@py; |22 f(T, p) o= =t
npemp 300K < T < 325K
F(T,9) = (—134.63 + 1722.3¢) + (0.4705 — 6.04¢) (%) Water-AlLO; nanofluids
g = {0.0137(100({)):0‘8229,(;7 <0.01
0.0011(100¢) %7272, ¢ > 0.01
Nguyen et al. [97] 2007 err = Hpr[0.904€%148¢], d,, = 47nm CuOfwater nanofluid
esr = Upr[1+0.025¢ + 0.015¢°],d,,;, = 36nm 1% < ¢ < 13%
Hery = Upr[1.475 — 0.319¢ + 0.051¢? + 0.0099%],d = 29nm T = 295K
Abu-Nada [98] 2009 Uesr = —0.155 — wTﬁ +0.794¢ + % —0.192¢% — % - Considering the effect of temperature
TR 40.0127¢% + %‘4"’2 +22 of nanofluids; 1% < ¢ < 9.4%;
295K < T < 348K
Masoumi et al. [99] 2009 Hepr = Hpp + % Al,03(13nm, 28nm)/water
5= 3\/%' v, = le ’%,C — s~ (ag + b) nanofluids
Timofeeva et al. [85] 2009 Pepr = pr(1+ A1 + A,0%) Nonspherical nanoparticles (platelet,
blade, cylinder, and brick)
Corcione [87] 2011 . For oxide and metal nanoparticles
Herr = Hor [(1‘34-87(%/ dbf)_os‘/’m)] suspended in water or ethylene glycol
o \1/3 based nanofluids
4 =01 (N”beo) 02%<¢<9
Esfe and Saedodin 2014 Uesr = ,ubf[0.9118Exp(5.49(p —0.00001359T2) + 0.0303Ln(T)] ZnO/EG; 0.25% < ¢ < 5%
[100] 298K < T < 323K
Esfe et al. [101] 2014 Hosr = tpr[1+ 11.61¢ + 109¢9?] 0.0625% < ¢ < 1%
Sharma et al. [89] 2014 @ \113 T \~0-038 dup —0.061 0% <9 <4%
Herr = tos [(1 * ﬁ) (1 * %) (1 * 1_70) ] 20nm < dy, < 150nm
293K < T < 343K




Sundar et al. [90] 2014 Perr = Hpr[A€B?] (0.3% < ¢ < 1.5%)
(293K < T < 333K)

Esfe et al. [91] 2015 Hery = Hpr|1+ (0.100 x @06%57% x g, 0+470%)] Fe/water(37nm, 71nm, 98nm)
0.0313% < ¢ < 1%

Wang et al. [102] 2016 ey = €7 %2T[0.035H% 4 3.1H — 2788692 + 4263¢ + 316] Temperature (T), magnetic field (H),

and concentration (¢)

3.1.3. Theoretical prediction models of specific heat

For energy storage materials, especially phase change materials for heat storage, the parameter of
specific heat has attracted considerable attention as it changes significantly with temperature. In
nanofluids, the specific heat appears to be a weaker characteristic when compared to the thermal
conductivity and viscosity of nanofluids because solid-liquid specific heat models that are stable over
a large temperature range have been regarded as the criterion since they were proposed. The first
assumption is that, by the mixing rule, the specific heat of the entire mixture is a combination of the
specific heat of the individual components. However, according to the experimental results, the results
obtained using this assumption were rather large. The second hypothesis is that there is thermal
equilibrium between the nanoparticles and the base solution. Pak and Cho et al. [95] conducted
viscosity measurements using a rotating viscometer and proposed a mathematical model by analyzing
the specific heat of two different nanofluids. It was calculated considering the volume concentration,
density, and average bulk temperature. In this century, models for determining nanofluid specific heat
by temperature and concentration have been gradually developed, although temperature has a lesser
effect on the nanofluid specific heat when compared to nanofluid concentration. Maiga et al. [82]
showed that the suspension rheology results were significantly larger than the classical viscosity. Their
work studied the specific heat of nanofluids from the perspective of molecular structure and mechanics.
The experimental results show that nanofluids have stable specific heat at a certain temperature, and
the length, diameter, and chirality of nanofluids do not affect the specific heat. Vajjha and Das et al.
[103] proposed a viscosity mode by summarizing experimental research on different nanofluids. The
results indicated that the specific heat of the base fluid and nanofluid had similar performances in the
specific heat of bulk graphite powder. The aligned nanofluid specific heat was smaller and less
dependent on temperature than the bulk in an environment with temperature higher than the room
temperature. Pakdaman et al. [104] used the modulated temperature differential scanning calorimetry

technique to determine the specific heat and reported a good agreement between the obtained and



tabulated values of the constituting components of nanofluids. According to the experimental results,
if nanoparticles are added, certain changes will occur in the crystallization and melting processes of
the base solution. Within the scope of this study, it was determined that Cu nanoparticles affected the
base solution by reducing its specific heat. Ghazvini et al. [105] proposed that the specific heat can be
influenced by the nanoparticle type and different factors such as temperature, base fluid, and volume
fraction. Moreover, Shin and Banerjee et al. [23] researched suspension-specific heat based on the
thermal equilibrium assumption of salt eutectics. In 2015, Sharma and Sekhar [38] predicted the
specific heat with the assumption of an infinitely dilute liquid mixture by adding spherical solid
particles. They proposed three related parameters (temperature, concentration, and nanoparticle size)
that can change the physical properties of nanofluids. The results of the experiment on the specific heat
capacity of nanofluids measured using a differential scanning calorimeter showed that the size of
nanoparticles had minimal effect on the ability of nanoparticles to improve the specific heat of
nanofluids. The experimental results show that the specific heat of the base solution decreases after
the addition of nanoparticles; moreover, with the increase in the added nanoparticles, the specific heat
of the base solution decreases gradually. These models are summarized as follows.

Table 4 Summary of effective specific heat models for nanofluids

Model Date Equation Remarks
Pak and Cho [95] 1998 Cpcp =5 Cpp + (1- yi) {3::,-5 (2¢% + 2b'r,t + b'*r2) — Water-Al,05 nanofluids
3:}%;" [t2(2+2b" +b'?) + b'r,(b'r, + 2Dt + Zt)]} Water-TiO, nanofluids
Maiga et al. [82] 2005 (1 — Pnp1 — Prp Z)Cp,b ’ Water-Al,O; nanofluids
Cp,hnf = (pnplcp,npl + (panCp,an + .
Phnf Ethylene glycol-Al,O5 nanofluids
Vajjha and das et al 2009 (AT + BCpp/Cpos) A, B, C are different values
Comp = Cppp——— P22
[103] T Epbt C+o)
Pakdaman et al. [104] 2012 Coms = Cowy = Cyop (AT + B)WE® A, B, C are linked with different
nanofluids
Ghazvini et al. [105] 2012 Cons = Cypy(A + BT + CT?) A, B, C are linked with different
pn D,
factors
Shin and Banerjee [23] 2014 c _c PnsCpns@ns + PsCpsPs + PupCpnpPrp Alkali carbonate-Al,Oj3 salt
e il PnsPns T PsPs + PrnpPnp eutectics
Sharma and Sekhar [38] 2015 T\ ~0:304 do\ 0417 @ \2272 Al,O3 and SiO,, etc.
Cypny = 0.843C, <1+Lf> ( +ﬂ) (1+)
" ’ 50 50 100 15<dnp< 50, 20<T<50, 0.01<p<4

3.2. Model verification and evaluation of ANNs
However, unitive theoretical formulas for predicting the dependence of the viscosity of nanofluids

on mass concentration, temperature, and magnetism are insufficient [106-112]. An ANN is proposed



to cope with the nonlinear fitting in this work on the basis of experimental results [113,114]. The
Pearson correlation coefficients of the input and output parameters are listed in Table 5. It can be
observed that there is a significant correlation between the input and output parameters. Then, the
performance of the trained ANN model was tested using the training data. The results predicted using
the ANN model were compared with the experimental data of carbon-based magnetic nanofluids.
During the learning course of the ANN model (spread=1), the accuracy of training was considered to
be acceptable if the evaluation index error conformed to the required tolerance. If not, hidden layer
nodes were added and the routine was rerun [115-117]. On this basis, the number of hidden layers was
analyzed to determine the final prediction model. Fig. 8 illustrates the transformation of the four
evaluation indices when the number of hidden layer nodes were increased from 5 to 11 based on the
statistical coefficient values of error indicators or multiple determinations. This suggests that more
nodes must be considered to improve the predicted accuracy. The 10-node model demonstrated better
prediction performance than other models for carbon-based magnetic nanofluids while also

considering the computational efficiency.

Table 5 The Pearson correlation coefficient (PCC) of the input and output parameters

Pearson correlation Input parameters
coefficient (PCC) Om Pe on T M
k 0.6610 0.7921 0.7426 | 0.8233 | 0.8961
Output
8} 0.7900 0.7179 0.9501 | 0.7846 | 0.8822
parameters
Cp 0.9207 0.9572 0.9246 | 0.5464 | 0.5053
1.0 1.0 1.0
a Thermal conductivity b Viscosity ¢ Specific heat capacity
@ Training @ Training
08¢ 08¢ * Test 0.8 * Test
& 0.6F @ Training g 0.6h g 0.6
g 0 * Test 5 * 2 5
gﬁ 041 ? gE 041 Target value ® g‘? 0.4 )
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Fig. 8 The MAPE evaluation of artificial neural networks for predicting thermo-physical properties (thermal

conductivity, viscosity, specific heat capacity) of carbon-based magnetic nanofluid

Owing to the small dataset (713 data items), the batch size should not be too large, and it should
be reduced if memory constraints occur [118-120]. The number of epochs was divided into six stages;

each stage was 50, and the initial learning rate was 10. After each stage, the learning rate was reduced



for the next stage [118,119]. After debugging, the convergence speed was the fastest under the
parameters listed in Table 6. The results showed good agreement (within the 5% error) between the
experimental and predicted viscosities of carbon-based magnetic suspensions. The effect of certain
hyperparameters on the output of the network was determined by sensitivity analysis [120]. Hence, the
most effective hyperparameters can be selected to improve the output [121-124]. The ANN model
possesses a superior modeling ability to predict the suspension viscosity, which is based on the output-
input experimental data [123]. It can be noted that the ANN model with temperature as its input
variable has a better prediction performance for carbon-based magnetic nanofluids. For the testing
samples, a comparison of the data predicted by the ANN model and the experimental data of carbon-
based magnetic nanofluids is illustrated in Fig. 9. The standard deviation demonstrates that the
thermophysical properties are almost similar to the test results, and it measures the variation in the

model values.

Table 6 The features and parameters of ANN models used in this work

Neurons Batch Size Epoch Learning rate Decay coefficient
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Fig. 9 Comparison of experimental and predicted thermo-physical properties of carbon-based magnetic nanofluid: (a)
Thermal conductivity; (b) Viscosity; (¢) Specific heat capacity

3.3. Comparison of ANN model with existing predicted models

The purpose of data analysis is to use logical and statistical methods to assist in interpreting,
summarizing, and evaluating data [125,126]. Normalization coefficients were used to determine the
effect of the respective variables on the value of the dependent variable [127,128]. As previously
mentioned, empirical correlations and theoretical models have also been developed. In this work, the
established thermophysical properties using the ANN model is used to analyze the effects of different

factors (such as nanoparticle volume concentration, temperature, and nanoparticle size) on the



viscosity of nanofluids in comparison with the theoretical models [129]. Figs. 10-12 show the
comparisons between the thermophysical properties predicted using the ANN models and the
experimental data, as well as the functional values within the influence factors of other models that
predict the thermophysical properties of carbon-based magnetic nanofluids after normalization. From
Fig. 10a, it can be noted that the predicted values obtained using both the Maxwell and Timofeeva
models are lower than the experimental data, which may be because these models do not consider
effects other than the shape and volume concentration of the nanoparticles. Fig. 10b illustrates the
enhancement of thermal conductivity with the increase in temperature, and it can be observed that the
prediction result of the ANN model with the increase in temperature is closer to the experimental value
than the other models. Recent investigations have proven that scientists have attempted to control the
thermal conductivity of magnetic nanofluids under the influence of external forces such as magnetic
fields, sound fields, and electric fields. This may be an important reason for the recent increased
interest in enhancing the thermal conductivity of magnetic nanofluids. Nkurikiyimfura et al. [88]
indirectly proposed a formula for thermal conductivity by considering the interaction energy with the
local magnetic field. When compared to his model, as shown in Fig. 10c, the ANN model can
accurately predict the trend of nanofluid thermal conductivity with better results under varying
magnetic field intensities. The data deviation predicted by the ANN model relative to the experimental
data was smaller than that of the other models (Figs. 10a-c). These results indicate that the ANN model
has better prediction performance for the thermal conductivity of carbon-based magnetic nanofluids
than other models. Meanwhile, it was indicated that when the temperature changed, the difference
between the experimental and predicted values was small, whereas, when the magnetic field changed,

the difference between the experimental and predicted values was large.
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Fig. 10 The effect comparison of (a) nanoparticle volume concentration, (b) temperature, and (c¢) magnetic field intensity

on thermal conductivity of carbon-based magnetic nanofluid between various model and experimental data
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The same analysis was also performed for the viscosity of carbon-based magnetic nanofluids. Fig.
11 compares the prediction of viscosity based on different models with the experimental results for the
carbon-based magnetic nanofluids as functions of solid volume concentration, temperature, and
magnetic field intensity. Fig. 11a shows the comparisons between the results of the ANN model and
the predicted data of other models. Thus, it can be observed that the viscosity of carbon-based magnetic
nanofluids depends significantly on the solid volume concentration. As the concentration increases,
the nanoparticles in the suspension enhanced the internal shear effect, leading to an increase in the
viscosity of the nanofluid. It can also be observed that the prediction result of the ANN model with a
tendency of variation in concentration is more accurate than the experimental value. These models
only obtain the changes in the viscosity of the nanofluid based on the influence of temperature. It can
be concluded from Fig. 11b that the ANN model could achieve a superior prediction performance for
viscosity when considering the effect of temperature. Fig. 1lc compares the experimental
measurements with the predicted viscosity under a magnetic field using the ANN model. For the Wang
model [102], the additional effects of the magnetic field are directly considered in viscosity modeling.
All the above statements indicate that the prediction of experimental data by other models is
significantly lower than that of the ANN model and its experimental data, which further illustrates that
the ANN model can be successfully used to assess the viscosity of carbon-based magnetic nanofluids.
When compared to all the prediction results of the ANN model, the predicted viscosity under the
magnetic field has the highest data deviation (4.97%), which is less than +5%. This further illustrates

that the ANN model can be successfully used to predict the viscosity of carbon-based magnetic

nanofluids.
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Fig. 11 The effect comparison of (a) nanoparticle volume concentration, (b) temperature, and (c) magnetic field intensity
on viscosity of carbon-based magnetic nanofluid between various model and experimental data.

The present study provides useful information about the specific heat of magnetic nanofluids



under a magnetic field. An ANN model was established to forecast the specific heat by considering the
temperature, nanoparticle concentration, and magnetic intensities based on experimental results. As
shown in Fig. 12, the specific heat of carbon-based magnetic nanofluids decreased with the increase
in solid particle concentration and slowly increased with the increase in temperature. When compared
to the temperature and magnetic field, volume concentration performs a more important role in the
specific heat of carbon-based magnetic nanofluids because it satisfies the bulk average value in
mathematics. Hence, the change in the specific heat is still not obvious with a low solid volume
concentration. Most models that contained an ANN model assumed that the specific heat capacity of
the nanofluids increased slowly with increase in temperature and the increase could even be negligible,
which is consistent with the experimental results. The data deviation predicted by the ANN model
relative to the experimental specific heat capacity data under a magnetic field was 0.01%, which is the
closest experimental value among all the predictions. Because the measurement is the average specific
heat capacity in volume, previous models, including this work, indicated that the magnetic field
primarily affects the magnetic nanofluid thermal conductivity and viscosity, but has little influence on
the specific heat capacity. When compared to the thermal conductivity and viscosity, the data deviation

of the specific heat capacity predicted by the ANN model is smaller owing to the stability of this

parameter.
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Fig. 12 The effect comparison of nanoparticle volume concentration, temperature, and magnetic field intensity on

specific heat of carbon-based magnetic nanofluid between various model and experimental data

4. Application, challenges, and prospects
4.1. Application of magnetic nanofluids
4.1.1 Applying magnetic nanofluids in a heat exchanger

Magnetohydrodynamics has attracted considerable interest because of its potential in the flow



control of mini-devices and heat dissipation of electronic components [9,130,131]. Owing to their
flexible and superparamagnetic properties, magnetic nanofluids are employed not only as tunable
templates for the fabrication of orderly lined microarrays, but also as carrier solutions for heat and
mass transport under an external magnetic field in thermal management devices [9]. From the
perspective of materials, the thermophysical properties of nanofluids can be controlled based on
parameters such as the type and diameter of nanoparticles. Meanwhile, the heat flux and force acting
on nanofluids can be tuned through gravity, pumps, and capillarity forces [130]. Till date, the idea of
precise manipulation has been developed for the continuous generation of magnetic or electrical
droplets and nanofluids controlled by an external field [9,130]. Based on this, devices can be designed
within the function to open or close thermal fluxes, thereby controlling the direction and intensity of
the heat flux. Thus, remote heat and mass transport under an external field in thermal management

devices can be achieved [131].
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Fig. 13 (a) A cooling system designed to explore the thermo and hydraulic behaviors of magnetic nanofluids in CPU; (b)
A magnetically-activated heat exchanger with remote activation based on magnetic nanofluids; (c) A magnetically driven
thermal exchanger without moving parts

4.1.2 Applying magnetic nanofluids in fluid mechanics

The semi-active control achieved by the magnetorheological damping effect has been widely used
in the fields of automobile manufacturing [4], hydraulic control [132], and robotics [130]. The
magnetic nanofluid is maintained in the region with the strongest magnetic field without an external
force. Under the action of external force, the position and shape of the magnetic fluid change, resulting
in a change in the magnetic field force, and the magnetic field force is balanced with the external force,

resulting in a new equilibrium state for the magnetic fluid. Based on this principle, a magnetic



nanofluid seal was used to protect key components [132]. As a new type of lubricant, it can maintain
the liquid at the lubrication part, and even change the pressure distribution of the polishing pad under
the action of an external magnetic field, which satisfies the requirements for the workpiece during the

sealing process [133].
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Fig. 14 (a) Structure of the planar multitooth magnetic fluid seal [132]; (b) Schematic diagram of the magnetorheological
mount using magnetorheological seal structure with external coil; (c) Annular and radial flow [133]

4.1.3 Applying magnetic nanofluids in micro-nano devices

Droplet manipulation and microfluidic control are emerging as promising tools in various
applications, including physics, medicine, and engineering, owing to the development of microfluidic
chips [134]. However, conventional methods of controlling fluids are inadequate in satisfying the
changing demands of technology and industries. Magnetic nanofluid is one of the key control
components in the manipulation of droplets and fluids owing to its outstanding features, such as rapid
magnetic reaction, flexible flowability, and thermal properties [135]. In recent years, magnetic
microfluidic systems have developed rapidly and are regarded as an indispensable branch of
microfluidics. Magnetic microfluidics can be divided into continuous-flow and digital magnetic
microfluidics, which harness magnetic fields as actuators and magnetic materials as driven objects
[136-139]. Magnetic microfluidics not only inherits systematic and precise control over individual
fluids and droplets of traditional microfluidics but is also characterized by a simple actuation strategy,

flexible controllability, remote operation, and noninvasive manipulation ability [140].
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Fig. 15 (a) Schematic illustration of the direct patterning of liquid metal using magnetic field and detailed operation steps
for the patterning [134]; (b) Schematic of magneto-patterning setup with the application of the magnetic field [135]
4.2. Challenges and prospects of magnetic nanofluids

This current ANN model could be continuously developed and the database content can be
enriched, which can ensure more accurate prediction results when compared to the experimental data
[146,147]. The use of magnetic nanofluids in heat transfer applications is promising [148]. Certain
investigations of flow heat transfer, such as the enhancement of thermal conductivity based on
magnetic nanofluids, were discussed under an external magnetic field [149,150]. In fact, magnetic
control of liquid flow opens new possibilities in the field of microfluidics, allowing new channel
shapes and low-pressure cargo transport to surpass the current capabilities of standard methods [151-
155]. It promises low-shear flow and pumping, which is of growing importance in thermal
management [155], fluid mechanics [154], and micro-nano devices [36]. However, there is still a lack
of systematic research on the preparation of magnetic nanoparticles, magnetohydrodynamic
thermophysical characteristics of nanofluids, and microflow heat switch applications [156]. In
particular, there is still a lack of a prediction model for thermophysical properties of magnetic
nanofluids that considers magnetic field intensity, temperature, and concentration [93,156]. Based on
this, certain studies are still required to develop and explore the following aspects.
a) To prepare magnetic nanoparticles with controllable morphology and then investigate the

magnetic nanofluids and droplet manipulation techniques through experiments.



b) To determine the thermophysical properties of the nanofluid under a magnetic field. The
thermophysical properties of the prepared magnetic nanofluids were experimentally characterized
under a dynamic magnetic field.

c) To establish a multiphysics numerical model that precisely describes the magnetic response
processes of heat release and storage. Based on this, the magnetohydrodynamic heat transfer can
be fully understood.

d) To establish a dynamic magnetic-response thermophysical model based on machine learning,
which can provide a precise description of the magnetic field on the thermophysical properties of
magnetic nanofluids using a low-cost and time-saving method.

e) To provide a noncontact control method for microflow and heat transfer. Potential applications

could be verified and explored, such as wettability manipulation, drug delivery, and heat sinking.

5. Conclusion

In this study, the specific heat capacity, thermal conductivity, and viscosity of carbon-based
magnetic nanofluids were measured for different magnetic volume fractions in nanomaterials, organic
mass fractions in the base fluid, nanomaterial volume fractions in the nanofluid, temperatures, and
magnetic field strengths. Then, the thermophysical properties of the previous measurement results of
carbon-based magnetic nanofluids were reviewed. Based on these experimental data, an ANN was
established and a comparison was performed with the experimental results. A minireview of previous
models of nanofluid thermophysical properties was presented. Meanwhile, the proposed ANN model
can obtain a lower statistical error index and a higher multiple decision statistical coefficient. The
comparative results showed that there were deviations of 5% for the ANN from the experimental data.
It was identified from comparisons that the optimal ANN model is more accurate in predicting the
thermophysical properties of carbon-based magnetic nanofluids than other models, and certain
possible theories were explained for the model proposed by the neural network. It should also be noted
that the major limitations associated with ANN applications are the requirement of a large number of
parameters and lack of parameter selection methods. To conclude, this work summarized the
thermophysical properties of carbon-based magnetic fluids and discussed their applications and
prospects. It established a neural network model for predicting the thermophysical properties of

magnetic nanofluids and proposed a method that uses material informatics to study functional materials.
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