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This research aims to understand the impacts of volume concentration of Fe3O4 nanoparticles and tem-
perature on the viscosity & thermal conductivity of liquid paraffin based nanofluid. Several experiments
are conducted in the Fe3O4 concentration range of 0.5–3% and temperature range of 20–90 �C. Oleic acid
is utilized as a surfactant for the improved dispersibility and stability of nanofluids. It was found that the
nanofluid behaves as a shear thinning fluid. Additionally, it was revealed that both the thermal conduc-
tivity and viscosity boost with increasing the nanoparticle concentration, whereas when the temperature
increases the viscosity reduces and the thermal conductivity rises.
Moreover, the Artificial Neural Network (ANN) was utilized to model the thermal conductivity and vis-

cosity of the nanofluid using experimental data. The accuracy of the models was assessed based on four
known statistical indices including root meant square (RMS), root mean square error (RMSE), mean abso-
lute deviation (MAE), and coefficient of determination (R2). Results showed that the proposed model of
thermal conductivity could estimate outputs with RMS, RMSE, MAE & R2 values of 0.0678, 0.0179,
0.0041 and 0.96, respectively.

� 2018 Published by Elsevier Ltd.
1. Introduction

Using the expression of nano in the new industrials is almost a
usual subject nowadays; which implies working through MEMS or
NEMS. Introduce the nanoscience in both aspects of hydrodynamic
and thermal, would contain two main branches such as the nano
dimension of the device geometry or the fluid works as a nano sub-
stance [1–7].

The first one is called the fluid flow and heat transfer in nanos-
cales level which represents various fluid flow regimes like contin-
ues, slip flow, transition and free molecular according to the
responded Knudsen number. The particle-based methods such as
the Lattice-Boltzmann method, molecular dynamic or direct simu-
lation of Monte Carlo can be applied for the simulation of fluid flow
in the nanoscales regimes [8–17].

The second one which is usually called nanofluid represents the
homogeneously distributed metal or non-metal nanoparticles
through the base liquid. It leads to a significant revolution through
the hydrodynamic and thermal mechanisms [18]. Sarafraz et al.
[19] reported the enhancement of nucleate pool boiling heat trans-
fer to dilute binary mixtures using endothermic chemical reactions
around the smoothed horizontal cylinder. They also investigated
the upward flow boiling to DI-water and CuO nanofluids inside
the concentric annuli [20]. The small dimension of nanoparticles
corresponds to less amount of their weight which means they
can be dispersed in the base liquid without the significant sedi-
mentation. However several physical and chemical processes
should be done during the mixture generation to avoid from unde-
sired phenomenon like clustering [21]. Other works of Sarafraz
et al. can be addressed in this way [22–26].

Moreover, the concentration of nanoparticles should be very
low in comparison with the base fluid amount. The pure liquids
like water or the hybrid ones such as water/oils are unusually used
as the base fluid. Moreover, the hybrid nanoparticles can also be
applied [27–37].

In general, the higher value of conductivity of the nanoparticles
than the base fluid conductivity leads to increase the mixture
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Table 1
Physical properties of liquid paraffin and oleic acid.

Properties Liquid paraffin Oleic acid

CAS-No. and EC No. 8042-47-5, 232-455-8 112-80-1, 204-007-1
Vapor pressure 0.01 Pa (@20 �C) 6932.8 (@37 �C)
Density 0.85 g/cm3 (@20 �C) 0.89 (@20.5 �C)
Flash point >180 �C >56 �C
Kinematic viscosity 16 mm2/s (@40 �C) 31 mm2/s (@25 �C)
Boiling point 300–500 �C 360 �C
Melting point 8–13 �C 13–14 �C
Ignition temperature >300 �C >363 �C
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conduction; moreover, their Brownian motion invigorated the tur-
bulence through the fluid flow. As a result, the total heat transfer
rate from the fluid will be increased. This fact has been primarily
reported inmany numerical works corresponded to the investigation
of nanoparticles type, diameter or volume fraction at various geome-
tries [38–44]. The positive effect of adding a low amount of nanopar-
ticles on the conduction coefficient can be seen clearly through
them. Moreover, the convention coefficient also increases due to
the higher viscosity of a nanofluid compared to the base fluid.

Despite numerical studies, the unique desired results were not
achieved through the experimental works which implied some
drawbacks of using nanofluids. The several factors such as various
approaches to producing the nanoparticles and also the ways of
dispersing them through the base fluid can be estimated as the rea-
sons for the actual strange behavior of nanofluid. Moreover, the
mixture temperature plays a significant role so that the nanofluid
principals would be broken at higher amounts of temperatures.
Hence a significant number of experimental works are presented
to predict the nanofluid thermophysical properties like density,
thermal & electrical conductivity, and viscosity according to differ-
ent amounts of temperature and concertation. These desired
empirical results can be worked directly in actual industrial perfor-
mances beside avoid some detours of numerical results [45–49].

Meanwhile, the high costs of the experiments provide a vital
problem to predict the nanofluid properties at any desired temper-
ature and concentration. That fact encourages researchers to
develop several correlations based on the experimental data by
the statistical numerical approaches. Moreover, some optimiza-
tion/interpolation approaches such as the artificial neural network
(ANN) can work suitably. ANN is one the universal approximation
approaches to determine a desired arbitrary function; so that a
multi-layer feedforward involves a limited amount of neurons in
its hidden-layer which can provide any linear or non-linear rela-
tionship among the inputs and outputs of a function. However,
some disadvantages of ANN can be presented such as the need to
an empirical learning algorithm and so many amounts of model
variables & dataset and even significant effects of initial conditions.

Alrashed et al. [50] used the ANN and curve fitting methods to
predict the electro- and thermo-physical properties of water-based
nanofluid containing copper ferrite nanoparticles coated with sil-
ica. Besides, the performance of the new approach of EANN to mea-
sure the nanofluid properties was reported in the work of
Karimipour et al. [51] concerned the synthesized CuFe2O4/SiO2

nanocomposites through the water/EG. Moreover using a neural
network method to estimate the thermal conductivity and viscos-
ity of a mixture with liquid paraffin as the base fluid, was pre-
sented by Karimipour et al. [52]. Serval other works can be
addressed in this way [53–57].

A new type of nanofluid concerned liquid paraffin-Fe3O4 is pre-
pared; then the values of its thermophysical properties such as
thermal conductivity and dynamic viscosity are examined via sev-
eral suitable experiments at each desired temperature and
nanoparticles concentration. The iron oxide nanoparticles are cho-
sen because of their broad application in different industries such
as useful spinel ferrites, magnetic storage devices, sensors, cataly-
sis, SPMR and MRI systems of medical diagnosis and therapeutics.
Liquid paraffin is a very highly refined petroleum derivative min-
eral oil which is used in a variety of applications including manu-
facturing, cooling, lubricant, filters and hydraulic fluid in
machinery. The sewing machine lubrication usually contains the
liquid paraffin. Moreover, a novel statistical approach of ‘‘GMDH
type of neural network” is provided to develop two correlations
for both thermal conductivity & viscosity according to the achieved
empirical results. As a result, the present study can be considered
as a comprehensive experimental/numerical article concerned new
synthesized type of nanofluid.
2. Experiments

2.1. Materials

All the chemicals used in this work were of analytical grade and
utilized as received without any purification. The spherical shape
Fe3O4 nanoparticles were obtained from US Research Nanomateri-
als, Inc. (USA) with an average diameter of 20 nm, the density of
4.8 g/cm3 and with 98% purity. The liquid paraffin as the base fluid
and oleic acid as the surfactant were purchased from Merck (Ger-
many). The physical properties of liquid paraffin and oleic acid are
presented in Table 1. Deionized water was used for washing the
laboratory glassware.
2.2. Instruments

In this research, the thermal conductivity of nanofluid was ana-
lyzed using a KD2 Pro instrument (Decagon Devices, USA), which
works based on the transient hot-wire theory. To measure dynamic
viscosity, a Brookfield LVDV-III Ultra viscometer was utilized with
an equipped temperature bath (Brookfield Engineering Laborato-
ries, USA). Zeta Potential measurements were conducted on nano-
fluid to assess the nanoparticles stability in the base fluid. DLS was
utilized for monitoring the size distribution of nanoparticle
through the liquid paraffin from ZetaSizer Nano ZS, United King-
dom. Additionally, a digital Highland HCB1002 (Adam Equipment,
USA) balance was used to weigh the desired mass of the samples.
Furthermore, the temperature was kept fix during the experiments
by a LAUDA ECO RE1225 Silver programmable constant tempera-
ture bath (LAUDA Technology Ltd, Germany).
2.3. Nanofluid preparation

The two-step technique was utilized for synthesizing nanoflu-
ids. For this purpose, in a typical procedure, liquid paraffin and
oleic acid were first well mixed by stirring at 400 rpm for about
20 min and then a proper amount of Fe3O4 nanoparticles were
added into the mixture. The mixture then heated under vigorous
stirring at 50 �C for 40 min. After that, the solution was placed in
the ultrasonic bath at 50 �C for three hr.

Oleic acid was used as a surfactant to improve the nanoparticle
dispersion stability in the oil. It has been reported that iron oxide
nanoparticles surface-functionalized by oleic acid showed good
dispersion stability in mineral oil [70]. For performing the required
experiments, the paraffin-Al2O3 nanofluid was prepared with six
different volume fractions of nanoparticle (0.5%, 1%, 1.5%, 2%,
2.5%, 3%) and three different surfactant/nanoparticle mass ratios
(1:3, 2:3 and 1:1). It should be noted that the samples with the sur-
factant/nanoparticle mass ratio of 1:3 and 1:1 were stable only for
a few hours at room temperature. Hence, in the following, only the
results of the nanofluid samples with the surfactant/nanoparticle
mass ratio of 2:3 will be presented.



Fig. 2. Zeta Potential of Fe3O4 nanoparticles in liquid paraffin.
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2.4. Measuring the thermal conductivity of nanofluid

In this work, the thermal conductivity values of synthesized
nanofluid samples were measured in the temperature range of 20–
90 �C with 10 �C intervals. KD2 Pro has a stainless steel probe having
a length of 60 mm and a diameter of 0.9 mm, which consists of a
heating element and a thermo-resistor. The probe is capable of mea-
suring thermal conductivity between the range of 0.2 and 2W/m K
and ±5% of accuracy. The instrument was calibrated by measuring
the thermal conductivity of glycerol and DI-water at 20 �C. The
values of measuring glycerol and DI-water were 0.282 and
0.607W/m K, which are in good agreement with the values from
(NIST, webbook [71]) of 0.285 and 0.598W/m K, respectively, within
±5% accuracy. The measurements were carried out in 30 ml of the
sample in a cylindrical glass tube with the conductivity probe
immersed in it. Once the desired temperature was reached, the
sample was kept at that temperature for a further 30 min to ensure
temperature equilibrium before each measurement.

2.5. Measuring the viscosity of nanofluid

The dynamic viscosity was measured in the temperature range
of 20–90 �C and a shear rate range of 20–230 s�1 with a specified
accuracy of ±1%. The spindle of the viscometer was immersed
and rotated in the nanofluids. The viscous effect was developed
against the spindle due to deflection of calibrated spring with the
help of Ultra Low Adapter (ULA). The viscometer as calibrated by
using the Brookfield viscosity standard test fluid.

2.6. Characterization

Dynamic Light Scattering (DLS) is a standard, time-tested tech-
nique for sizing dispersions of nanoparticles from below 1 nm to
several microns. This method operates on the principle that parti-
cles move randomly in gas or liquid, i.e., undergo Brownian
motion. In most DLS devices, a laser of known wavelength passes
inside a dilute sample in solution, and a detector collects the inten-
sity of scattered light and deconvoluted by algorithms to deter-
mine the particle size distribution of the sample.

Fig. 1 displays the results of DLS analysis for the liquid paraffin-
Fe3O4 with nanoparticle concentration of 3%. It is seen that the
average diameter of the dispersed nanoparticles in liquid paraffin
is almost 29 nm.
Fig. 1. DLS for Fe3O4 nanoparticles in liquid paraffin.
The Zeta Potential is commonly used to assess the stability of
nanofluids. It is the electric potential difference between the dis-
persion medium and the stationary layer of fluid that attached to
the dispersed nanoparticles. It is considered that the colloids with
Zeta Potential higher than 40 mV possess good and higher than
60 mV excellent stability [55–57].

Fig. 2 displays the Zeta Potential of the studied nanofluid sam-
ples. Since oleic acid is an anionic surfactant, it yields a negative
Zeta Potential. As it is observed, the prepared nanoparticles have
Zeta Potentials less than �40 mV and demonstrating the high sta-
bility of Fe3O4 nanoparticles in base fluid.

Fig. 3, which was photographed by a Canon EOS 550D camera,
shows a comparison between a recently prepared sample of nano-
fluid with concentration of 3% and that after two months. The sam-
ples appear to stable for more than a month.
Fig. 3. Images of liquid paraffin-Fe3O4 nanofluid with concentration of 3%, after
sitting still for two months in the laboratory: (a) initial sample, (b) one months
later, and (c) two months later.
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3. Artificial neural network

Alexey Grigorevich Ivakhnenko first introduced the GroupMethod
of Data Handling-type neural network (GMDH-type NN) and based
on Darwinian philosophy for natural selection [58,59]. The GMDH
algorithm is a self-organizing method that gradually offers more
sophisticated models based on their performance evaluation and a
set of data with multiple inputs and an output. The GMDH method
is a hybrid multi-layer algorithm whose layers and nodes are evalu-
ated using a stream of data. The purpose of the GMDH method is to
obtain a mathematical model for the data under investigation. This
method adapts models of data in the form of optimized networks
of transfer functions for the production of different layers.

Using a GMDH algorithm, a model can be connected by a set of
neurons that are pairwise sets in each layer by quadratic polyno-
mials and thus new neurons are generated in new layers. This kind
of representation can be used as input and output mapping.

A formal definition of the problem is finding the function f̂ that
it can approximately estimate ŷ so that for input x is defined as the
closest approximation to the real value of y for input like
X ¼ x1; x2; x3; . . . ; xnð Þ.

So, with regardsM experiment and several inputs and an output
for the pair of data it can be written as:

yi ¼ f xi1; xi2; xi3; . . . ; xinð Þ i ¼ 1;2; . . . ;M ð1Þ
Now, it is possible that a GMDH type neural network will be

used to estimate ŷ outputs for each input vector
X ¼ x1; x2; x3; . . . ; xnð Þ as follows:

ŷi ¼ f̂ xi1; xi2; xi3; . . . ; xinð Þ i ¼ 1;2; . . . ;M ð2Þ
The problem now is to determine a GMDH type neural network

so that the squares of the difference between the actual output and
the estimated values are minimized so that:

XM
i¼1

f̂ xi1; xi2; xi3; . . . ; xinð Þ � yi
h i2

ð3Þ

The general relationship between inputs and outputs by the dis-
crete and complex relationship of the Volterra functional series
which known as Kolmogorov-Gabor polynomial can be presented
as follows [60]:

y ¼ a� þ
Xn
i¼1

aixi þ
Xn
i¼1

Xn
j¼1

aijxixj þ
Xn
i¼1

Xn
j¼1

Xn
k¼1

aijkxixjxk þ . . . ð4Þ

where a� , ai, aj, aij and aijk are coefficients of polynomial functional
nodes, xi, xj, and xk are the inputs and y is output. The complete
mathematical form can be represented by a quadratic polynomial
system consisting of only two variables (neuron) as shown below.

ŷ ¼ G xi; xj
� � ¼ a� þ a1xi þ a2xj þ a3x2i þ a4x2j þ a5xixj ð5Þ

A feedforward GMDH type neural network is used here. The
coefficients ai in the above equation is calculated using the regres-
sion method; so that the difference between the real data y and the
estimated values, ŷ, for each pair of input data such as xi; xj

� �
is

minimum [61]. The polynomial tree is constructed using the quad-
ratic relationship (Eq. (5)) in accordance with the least squared.

In this case, the coefficients of each of the quadratic functions,
Gi, are obtained in such a way that it fits optimally for all output
for the whole input set pairs [62].

E ¼
PM

i¼1 yi � GiðÞ½ �2PM
i¼1y

2
i

! min ð6Þ

In the GMDH algorithm, all the probabilities of combining two
independent variables of the n input parameters are used to
construct the regression polynomial in the form of the Eq. (5) so
that the best fit depending on the observations is formed with
the least squares criteria hence:

n

2

� �
¼ n n� 1ð Þ

2
ð7Þ

Neurons are made in the second layer as bellow set:

yi; xipxiq
� �j i ¼ 1;2; . . . ;Mð Þ and p; q 2 1;2; . . . ;Mð Þ� � ð8Þ
A quadratic form of the function expressed in Eq. (5) is used for

eachM triplet row. These equations can be expressed in the follow-
ing matrix form:

Aa ¼ Y ð9Þ
where A is the vector of unknown coefficients of the quadratic equa-
tion shown in Eq. (5) as follow:

a ¼ a�; a1; a2a3; a4; a5f g ð10Þ

Aa ¼ Y ð11Þ
ForM experiment data series, the matrix of coefficients is deter-

mined as follows:

A ¼

1 x1p x1q x21p x21q x1p x1q

1 x2p x2q x22p x22q x2p x2q
: : : : : :

: : : : : :

: : : : : :

1 xMp xMq x2Mp x2Mq xMp xMq

26666666664

37777777775
ð12Þ

Using regression analysis and the least squares method, it can
be written as:

a ¼ ATA
� 	�1

ATY ð13Þ

The above-mentioned equation gives the vector of the coeffi-
cients of Eq. (5) for all three sets of M.

3.1. Application of genetic algorithm in structural design

Evolutionary methods such as genetic algorithm are widely
used in different stages of the design of neural networks due to
their unique capabilities in finding optimal values and the ability
to search in unpredictable spaces [62]. Given that the genetic algo-
rithm has been proven to be one of the best in evolutionary meth-
ods for optimization, on the other hand since direct methods for
solving Eq. (9) lead to the probability of singularity, in the present
study to form the neural network and determine its coefficients the
genetic algorithms and singular value decomposition (SVD)
method are employed [63].

In commonly used GMDH type neural networks, neurons in
each layer only can connect to previous neurons which known as
common structure GMDH (Fig. 4) [64].

To generalize GMDH type neural networks, it is necessary to
remove the use of the adjacent layer in building the next layer
(including input layer) which known as generalized structure
GMDH (Fig. 5) [64].

3.2. Singular value decomposition (SVD)

Singular value decomposition is a method for solving the least
square issues in which there is a probability of singularity [65].
SVD is a matrix (A 2 RM�6) includes multiplication of three matri-
ces; an orthogonal matrix (U 2 RM�6), a diagonal matrix



Fig. 4. A CS-GMDH neural network structure of a chromosome.

Fig. 5. A GS-GMDH neural network structure of a chromosome.
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(W 2 R6�6) with non-negative members (singular values) and an
orthogonal matrix (V 2 R6�6) which can be written as follows [66]:

A ¼ UWVT ð14Þ
To obtain the optimal coefficients for Eq. (9), at first, modified

inverse matrix of diagonal matrix W should be calculated as
bellows:

a ¼ V diag 1=Wj
� �
 �

UTY ð15Þ
This method is used to calculate the optimal vector of polyno-

mial coefficients, a, of the second order polynomial.

3.3. Model input parameters and errors

In order to predict physical properties with GMDH type neural
network using experimental results, 56 data for thermal conduc-
tivity are divided into two categories of training (38 data) and test-
ing (18 data). Also, 1680 data of viscosity divided into 1300 data of
training and 380 data for testing.

The test data is used to assess the structure of the GMDH type
neural network and testing the model built with training data. To
obtain proper polynomial relations for the thermophysical proper-
ties of the liquid paraffin-Fe3O4 nanofluids regarding the input
data, a GMDH type neural network with a population size of 80,
crossover of 0.9, mutation of 0.1, and generation of 100 is used.
Moreover, a genetic algorithm is used to design the shape of the
neural network and determine its coefficients.

Four criteria are used for simulation assessment and compar-
ison between the model results and experimental data. These cri-
teria are: root meant square (RMS), root mean square error
(RMSE), mean absolute deviation (MAE), and coefficient of determi-
nation (R2) which can be calculated as follows:

RMS ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPM

i¼1 yi � byi 
M

s
ð16Þ
RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPM

i¼1 yi � byi� �2
M

s
ð17Þ

MAE ¼
PM

i¼1 yi � byi 
M

ð18Þ

R2 ¼ 1�
PM

i¼1 yi � ŷi
� 	

PM
i¼1 yi � �yð Þ ð19Þ

Here, �y is the average ofM output values which can be calculated as
follows:

�y ¼
PM

i¼1yi
M

ð20Þ
4. Results and discussion

Fig. 6(a)–(g) depicts the dynamic viscosity of liquid paraffin-
Fe3O4 nanofluid as a function of shear rate at different tempera-
tures. It is observed that the considered liquid paraffin-Fe3O4
nanofluids behave as shear thinning fluid (i.e., a decrease in viscos-
ity with shear rate) and this behavior is more apparent at higher
nanoparticle concentrations and temperatures. This can be attrib-
uted to the possible deagglomeration of bundled nanoparticles or
realignment in the direction of the shearing force, resulting in less
viscous drag [67]. Also, it is apparent from the results that the vis-
cosity of nanofluid reduces by increasing the temperature. An
increase in temperature reduces cohesion between molecules of
the liquid and so, liquid viscosity decreases. It can also be noticed
that, with increasing the particles concentration, the viscosity of
nanofluid enhances. This is caused by an increase in internal fric-
tion of the fluid that enables it to resist more against flowing which
is along with the viscosity enhancement.

In addition to viscosity, the thermal conductivity of prepared
nanofluid is presented. Fig. 7 illustrates thermal conductivity ver-
sus temperature at various nanoparticle concentrations. As can
be seen, the predictions of the well-known Hamilton-Crosser
model are demonstrated in this figure. It is clear that the thermal
conductivity of all studied nanofluids augments with the increase
of nanoparticle concentration and temperature. For example, at
nanoparticle concentration of 3%, the increase in temperature from
20 to 90 �C leads to 28.57% increase in the thermal conductivity of
nanofluid. Also, at temperature of 90 �C, the increase of nanoparti-
cle concentration from 0 to 3% increases the thermal conductivity
of nanofluid by 28.49%. Four possible mechanisms have been pro-
posed in the literature for enhancement in the thermal conductiv-
ity of the nanofluids with the increase of temperature and
nanoparticle concentration, namely: Brownian motion of nanopar-
ticles, liquid layering at liquid/particle interface, nature of heat
transport in nanoparticles and nanoparticle clustering. For in detail
discussion of these mechanisms, please see Shahsavar et al. [72].

Besides, it is observed that at low particle concentration (up to
0.5%), the predicted value by the Hamilton-Crosser model agreed
well with the measured value, while at higher concentrations, it
underpredicts the experimental data by a considerable margin.

The Hamilton-Crosser model:

knf ¼
kp þ n� 1ð Þkf þ n� 1ð Þu kp � kf

� �
kp þ n� 1ð Þkf �u kp � kf

� � kf ð21Þ

Previous researches have shown that conventional approaches
cannot estimate the nanofluid thermophysical properties [68,69].

In order to predict the thermal conductivity of the mentioned
nanofluid samples, the GMDH type neural network is employed.
Here, thermal conductivity as a function of temperature and mass



Fig. 6. Viscosity of liquid paraffin-Fe3O4 at nanoparticle concentration of (a) 0% (i.e. pure paraffin), (b) 0.5%, (c) 1%, (d) 1.5%, (e) 2%, (f) 2.5%, and (g) 3%.

A. Shahsavar et al. / International Journal of Heat and Mass Transfer 131 (2019) 432–441 437
concentration of nanoparticles has been obtained. The proposed
structure of the genetic algorithm which is considered as the opti-
mal network structure for predicting the thermal conductivity is
presented in Fig. 8. This structure builds with one hidden layer.



Fig. 7. Thermal conductivity of liquid paraffin-Fe3O4 versus nanoparticle concentration with the effect of temperature.

Fig. 8. GMDH type neural network structure for predicting the thermal conduc-
tivity of the paraffin-Fe3O4 nanofluid.

Fig. 9. A comparison between experimental data and GMDH model output for
thermal conductivity of liquid paraffin-Fe3O4 nanofluid.

438 A. Shahsavar et al. / International Journal of Heat and Mass Transfer 131 (2019) 432–441
In Fig. 8, k12 shows the hidden layer which is created by combining
the two input variables (T and u).

Eq. (22) represents the thermal conductivity of paraffin-Fe3O4

nanofluid which created by the neuron in previous (hidden) layer
and temperature (T) as variable input layer:

k12 ¼ b01 þ b11 uð Þ þ b21 Tð Þ þ b31 uð Þ2 þ b41 Tð Þ2 þ b51 uð Þ Tð Þ
Thermalcon ductivity ¼ b02 þ b12 k12ð Þ þ b22 uð Þ þ b32 k12ð Þ2

þb42 uð Þ2 þ b52 k12ð Þ uð Þ
ð22Þ

where the constant parameters of Eq. (22) are presented in Table 2.
Fig. 9 represents the comparison between the results from the

experimental set-up versus mathematical approach according to
the test data. As it can be seen, there is a good agreement between
the results. The results show that although the test data are not
involved in the training process, they are well-predicted by the
model which shows the ability of the model to predict the output.
Moreover, the correlation between experimental data and the
model results is demonstrated in Fig. 10. In general, a model fits
Table 2
Constants parameter of Eq. (22).

Constants Value Constants Value

b01 0.134823563154661 b02 0.611539656887722
b11 0.009056887820534 b12 0.040652616714544
b21 0.000077726483640 b22 �7.413780155378703
b31 �0.000893387406097 b32 0.000587643690290
b41 0.000001756165836 b42 28.897532451679922
b51 0.000037114523260 b52 0.276280254632939 Fig. 10. Correlation between experimental data and GMDH outputs for thermal

conductivity of the studied liquid paraffin-Fe3O4 nanofluid.



Fig. 11. GMDH type neural network structure for predicting the viscosity of the paraffin-Fe3O4 nanofluid.

Fig. 12. A comparison between experimental data and GMDH model output for
viscosity of the studied paraffin-Fe3O4 nanofluids.
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the data well if the differences between the observed values and
the model’s predicted values are small and unbiased. R-squared
is a statistical measure of how close the data are to the fitted
regression line. It is also known as the coefficient of determination.
The closer value for R2 near unity indicates the more accurate
mathematical model. As it can be seen from Fig. 5, the R2 parame-
ter is 0.96 which indicates the mathematical model ability to pre-
cisely predict the thermal conductivity of the paraffin-Fe3O4

nanofluid.
Experimental data indicate that the viscosity of the liquid

paraffin-Fe3O4 nanofluid is a function of shear rate ( _c), nanoparticle
volume concentration (u) and temperature (T). Due to the exis-
tence of three effective parameters on the viscosity of the
paraffin-Fe3O4 nanofluid, two hidden layers employed to find the
viscosity function. Fig. 11 illustrates the optimum structure of
the GMDH type neural network for predicting the viscosity of the
studied nanofluid samples with minimum deviation from experi-
mental data. Here, a GS-GMDH type neural network with two hid-
den layers is used to estimate viscosity effectively.

Given the GMDH type neural network structure obtained, the
viscosity function can be expressed as follows:

v13 ¼ a01 þ a11 _cð Þþa21 Tð Þþa31 _cð Þ2 þ a41 Tð Þ2 þa51 _cð Þ Tð Þ
v2233 ¼ a02 þa12 uð Þþa22 Tð Þþa32 uð Þ2 þa42 Tð Þ2 þa52 uð Þ Tð Þ
v1311 ¼ a03 þa13 v13ð Þþ a23 _cð Þþa33 v13ð Þ2 þa43 _cð Þ2 þa53 _cð Þ v13ð Þ
viscosity¼ a04 þa14 v2233ð Þþa24 v1311ð Þþa34 v2233ð Þ2 þ a44 v1311ð Þ2

þa54 v2233ð Þ v1311ð Þ
ð23Þ

Here, v13, v2233 and v1311 denote neurons in hidden layers. The final
equation is an optimum combination of hidden layer neurons. The
constants for the set of the above equations are provided in Table 3.

Fig. 12 represents the comparison between model results and
experimental outputs and those extracted from the mathematical
model. It is clear that the model adequately estimates the viscosity
Table 3
Constants parameter of Eq. (23).

Constant Value Constant Value

a01 0.084849027514407 a03 0.000500567425521
a11 �0.000046232442929 a13 0.981888430190253
a21 �0.001541030546881 a23 �0.000004053572858
a31 0.000000130423713 a33 0.069904143813235
a41 0.000008955584640 a43 0.000000003671981
a51 �0.000000047497806 a53 0.000109726864602
a02 0.055191641980100 a04 0.003614811809611
a12 0.010605934365407 a14 0.906569571634820
a22 �0.001318112366503 a24 �0.189091946032102
a32 0.003220922648067 a34 0.788154217194614
a42 0.000008735642270 a44 2.734708339396790
a52 �0.000138910895228 a54 0.784765413519359
of the paraffin-Fe3O4 nanofluid. As described earlier, the closer R2

to unity exhibit the more precision of the model. It can be seen
from Fig. 13 that the R2 value is 0.96 which is a reasonable value.

For better understanding the model accuracy and precision, the
criteria defined in Eqs. (16)–(19) for determined functions are cal-
culated and presented in Table 4. The mean absolute error (MAE) is
the average of all absolute errors, R2 is a relative measure of good-
Fig. 13. Correlation between experimental data and GMDH outputs for viscosity of
the studied paraffin-Fe3O4 nanofluids.



Table 4
Statistical indices of the GMDH type neural network model for both thermal
conductivity and viscosity.

RMS RMSE MAE R2

Thermal Conductivity 0.0678 0.0179 0.0041 0.96
Viscosity 0.0381 0.0018 0.0019 0.96
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ness of fit, and RMSE is an absolute measure of fit. As it can be seen
in Table 4, the R2 value for both parameters namely viscosity and
thermal conductivity is 0.96 that shows the regression line reason-
ably fits the data. Also, the lower value of RMS, RMSE, and MAE for
viscosity relative to thermal conductivity indicates that the model
obtained for viscosity is more precise than the thermal conductiv-
ity model.
5. Conclusion

In this paper, the liquid paraffin based nanofluid containing
oleic acid coated Fe3O4 nanoparticles were synthesized. The influ-
ences of temperature and nanoparticle concentration on the vis-
cosity and thermal conductivity of the prepared nanofluids are
experimentally assessed. As a result, it is revealed that the
paraffin-Fe3O4 nanofluid is a non-Newtonian shear-thinning fluid.
The viscosity of the nanofluid is found to increase by augmenting
the nanoparticle concentration and decreasing the temperature.
Additionally, the thermal conductivity of the studied nanofluid
samples is found to increase with increasing temperature and
nanoparticle concentration. After analyzing the experimental
results of the viscosity and thermal conductivity, the ANN is used
to model the thermal conductivity & viscosity of nanofluid. The
proposed model of thermal conductivity can estimate the outputs
with RMS, RMSE, MAE and R2 values of 0.0678, 0.0179, 0.0041 and
0.96, respectively. Meanwhile, these amounts of viscosity model
are 0.0381, 0.0018, 0.0019 and 0.96.

Hence, it is concluded the ANN models developed in this study
can be successfully employed to provide an accurate prediction of
the properties.
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