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a b s t r a c t

Evaluation of the use of linear and nonlinear regression-based methods in estimating the

viscosity of MWCNT/liquid paraffin nanofluid was investigated in this study. At tempera-

ture range of 5e65 �C, the viscosity of samples containing MWCNT nanoparticles at 0.005

e5 wt.% which is measured by a Brookfield apparatus, was first evaluated to determine the

response to the shear rate. The decrease in viscosity due to the increase in shear rate

indicated that the rheological behavior of the nanofluid was non-Newtonian and therefore,

in addition to temperature and mass fraction, the shear rate should be considered as an

effective input parameter. Linear regression was performed by response surface method-

ology (RSM) and it was observed that the R-square for the best polynomial was 0.988. The

results of nonlinear regression also showed that the neural network consisting of 3 and 13

neurons in the input and hidden layers was able to estimate the viscosity of the nanofluid

more accurately so that the R-square value was calculated to be 0.998.

© 2020 The Author(s). Published by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Performance improvements can be found in buildings [1e3],

solar collectors [4e8] heating and cooling [9e13], desalination

[14e18] and heat exchangers [19]. Improvement in base fluid

properties owing to loading nanoparticles has been intro-

duced by researchers as a technique to improve usefulness

[20e27]. Incorporation of nanoparticles into the base fluid

modifies the thermophysical properties of the base fluid such
an.edu.vn (A. Karimipou
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that usually results in improved heat transfer [28e30]. Ther-

mal conductivity of basic fluids such as water

�
0:608 W

m:K

�
,

ethylene glycol

�
0:257 W

m:K

�
, and other base fluid is usually low

[31]. Therefore, if the nanoparticles can be dispersed without

settling in the base fluids, then the thermal conductivity of the

base fluid can be expected to increase [32e34]. Phase change

material are widely used by various researchers in applica-

tions such as energy storage [35], building [36,37] and
r).
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electronic thermal management [38e40]. Paraffins have high

latent heat and their benefits can be revealed during the phase

change process. But PCM has a low thermal conductivity

which results to a non-ideal phase process. By increasing the

thermal conductivity, the phase change process can be

improved. Considering the high thermal conductivity of

MWCNT (� 2000 W
m:K), many researchers utilized this material

to prepare different nanofluid. Table 1 summarizes the ap-

plications of MWCNT in different nanofluids.

Paraffin has also been used as a base fluid by various re-

searchers. Many studies have shown that analytical correla-

tions are unable to estimate knf and mnf [54]. Usually, it is

possible to estimate the thermophysical properties through

the measurements of the experiment. But conducting many

experimental tests are costly and time-consuming. One of the

techniques for estimating the thermal conductivity as well as

the viscosity of nanofluids is the utilizing of machine-based

learning approaches [55]. In nanofluid scope, Machine-based

learning is divided into MLP-ANN, GMDH, ANFIS, RBF and

LSSVM methods. Afrand et al. [56] used the ANN method to

estimate the viscosity of Fe/EG and found that applying ANN

to estimate properties is very accurate, fast, and low-cost.

Viscosity prediction of graphene nanosheets/water is per-

formed by using ANN [57]. It was concluded that by applying

ANN, the viscosity estimation is performed very precisely.

Table 2 provides a summary of the applications of artificial

neural networks in estimating the thermophysical properties

of nanofluids.

According to Table 2, it is observed that the feasibility of

using artificial neural network and RSM approaches to esti-

mate the MWCNT/liquid paraffin viscosity has not been per-

formed. In this study applying ANN and RSM approaches, the

MWCNT/liquid paraffin viscosity at temperatures of 5e65 and

0e5wt.% are estimated. Moreover, a correlation is proposed to

estimate the nanofluid in terms of temperature, nanoparticle

concentration and shear rate and finally, a comparison is

made between the proposed correlation and the developed

ANN.
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2. Experimental data

Liu et al. [69] added MWCNTs nanoparticles to liquid paraffin

to examine their effects on mParaffin. They provided many

samples of nanofluids that have the requisite stability at

5e65�C and 0.005e5 wt.%. For this, zeta potential tests were

performed and due to the reported critical value of zeta po-

tential (�68 mV), the stability was acceptable. The results of

the Brookfield DV-I PRIME digital viscometer are illustrated in

Fig. 1. With the presence of MWCNT in the paraffin, non-

Newtonian behavior was experienced (Fig. 2).

Fig. 2 reveals that
mMWCNT=Paraffin

mParaffin
>1 which means that

mMWCNT=Paraffin is higher than mParaffin. Therefore the samples

containing MWCNT have experienced more frictional force

than the base fluid. At low shear rate ð _gÞ, the value of
mMWCNT=Paraffin

mParaffin

is high. But considering the lower value for
mMWCNT=Paraffin

mParaffin
at higher

_g, it is concluded that as _g rises, nanoparticles have less effect

on viscosity.

https://doi.org/10.1016/j.jmrt.2020.12.040
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Table 2 e Applications of Artificial Neural Network in nanofluids.

Reference Nanofluid Independent variable Dependent variable Findings

Esfe et al. [58] FSWCNTs/EG Temperature

Volume fraction

knf
kbf

R-square ¼ 0.9998

Esfe et al. [59] ZnO-DWCNT/EG Temperature

Volume fraction

knf
kbf

R-square ¼ 0.997

Esfe et al. [60] ZnO-MWCNT/EG Temperature

Volume fraction

knf
kbf

R-square ¼ 0.9968

Esfe et al. [61] CuO-MWCNT-10w40 Temperature

Volume fraction

Shear rate

m R-square ¼ 0.9992

MSE ¼ 1.81E�4.

Esfe et al. [62] ZnO/10W40 Temperature

Volume fraction

Shear rate

mnf

mbf

R-square ¼ 0.9999

Esfe et al. [63] CuO/EG Temperature

Volume fraction

m R-square ¼ 0.999 mean

relative error ¼ 0.0175.

Esfe et al. [64] Al/oil Temperature

Volume fraction

m

k

cp
hconvection

R-square ¼ 0.9203

MSE ¼ 2.167

Esfe et al. [65] MWCNT and ZnO

nanoparticles in 5W50

Temperature

Volume fraction

Shear rate

m R-square ¼ 0.9999

MSE ¼ 0.00003

Alirezaie et al. [66] ofMWCNT

(COOH-functionalized)/MgO -

Engine oil

Temperature

Volume fraction

Shear rate

m R-square ¼ 0.9973

MSE ¼ 4.7352 E-6

Esfe et al. [67] Al2O3-MWCNT-5W50 Temperature

Volume fraction

Shear rate

m R-square ¼ 0.998

MSE ¼ 5.1

Esfe et al. [68] MWCNTs (10%) e Al2O3 (90%)/5W50 Temperature

Volume fraction

Shear rate

m R-square ¼ 0.9998

Fig. 1 e Liquid paraffin viscosity [69].
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On the other hand, the intensity of non-Newtonian

behavior depends on _g. As _g increases, the rate of variation

in viscosity diminishes (approaches to zero) whichmeans that

the viscosity no longer depend on _g. In this case, the nanofluid
experience Newtonian behavior. Focusing on Fig. 2 shows that

at higher temperatures, the value of
mMWCNT=Paraffin

mParaffin
is higher and

this shows that the presence of nanoparticles and their effect

on viscosity intensifies with increasing temperature. The

maximum viscosity increment was 86%, which was observed

at 31s and 65.�C
3. ANN

The human brain is the most complex system ever observed

and studied in the whole universe. But this sophisticated

system has neither the size of a galaxy nor the number of

components, more than modern-day supercomputers. The

mysterious complexity of this unique system is due to the

many connections it has between its components. Many types

of research have been begun by computer scientists, engi-

neers, andmathematicians, whose results are categorized in a

branch of artificial intelligence and under the subcategory of

computational intelligence as the topic of “artificial neural

networks”. In the field of artificial neural networks, numerous

mathematical and software models have been proposed to

inspire the human brain, which are used to solve a wide range

of scientific, engineering and practical problems in various

fields.

Information enters the neuron through the inputs (as

shown in Fig. 3). In the ANN model, each input is assigned a

https://doi.org/10.1016/j.jmrt.2020.12.040
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Fig. 2 e Nanofluid viscosity [69].

Fig. 3 e ANN structure.
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Table 4 e Coefficients value of the proposed correlation.

Parameter Value Parameter Value

a0 92.426 a7 �1.74519E-004

a1 �1.26201 a8 1.76246E-005

a2 12.10735 a9 4.91721E-004

a3 �3.50984E-003 a10 0.010787

a4 �0.11672 a11 �5.47522E-005

a5 9.05104E-003 a12 1.03633

a6 0.010092

Table 3 e P-value results.

Parameter F -value P -value Parameter F -value P -value

T 655.15 < 0:0001 T _g 25.41 <0.0001
_g 0.87 0:3511 Tf 0.12 0.7297

f 8.94 0.003 _gf 41 <0.0001

T2 201.07 < 0:0001 T _gf 3.89 0.049

_g2 183.34 < 0:0001 T2 _g 2.42 0.1209

f2 3.34 0.0685 T2f 0.016 0.8985

T3 1.92 0.1673 T _g2 7.46 0.0067

_g3 156 < 0:0001 Tf2 2.64 0.1051

f3 9.38 0.0024 _g2f 33.05 <0.0001

_gf2 21.09 <0.0001

According to Table 3, parameters of T; f;T _g; _gf; T2; _g2;T _gf;T _g2; _g2f; _gf2; _g3;f3 are effective.

Fig. 5 e Residual value for the proposed correlation (RSM).
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weight (wi). These weights are actually the importance of in-

puts, meaning the more weights, the more important the

input for network training. Then all inputs are assembled and

inserted into the axon in a single layer. Next, the activation

function applies to the data. The activation function is defined

as the type of neural network in which it contains a mathe-

matical formula for updating weights in the network. After

computing at this stage, the information enters the other

neurons through the output synapses, and this stage con-

tinues until the network is trained. The number of prerequi-

site neurons in the input layer depends on the number of

input variables and since the input variables include T; f; _g
Fig. 4 e The margin of deviation for RSM method (Eq. (4)).

Fig. 6 e Comparsion between the experimental and

outputs of the proposed correlations.

https://doi.org/10.1016/j.jmrt.2020.12.040
https://doi.org/10.1016/j.jmrt.2020.12.040


Fig. 7 e Results derived from RSM technique and its comparison with experimental ones.

Fig. 8 e Margin of deviation for ANN technique.
Fig. 9 e Comparison between the experimental and

outputs of the ANN.

j o u r n a l o f m a t e r i a l s r e s e a r c h and t e c hno l o g y 2 0 2 1 ; 1 0 : 1 1 8 4e1 1 9 4 1189

https://doi.org/10.1016/j.jmrt.2020.12.040
https://doi.org/10.1016/j.jmrt.2020.12.040


Fig. 10 e Comparison between ANN and RSM techniques.
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(Fig. 3), three neurons are assigned to the input layer. The

number of output neurons also depends on the number of

target parameters and since in this study, viscosity is the only

output, hence only one neuron is assigned to the output layer.

The number of neurons in the hidden layer is also subject to

trial and error.
4. Response surface methodology (RSM)

RSM technique attempts to evaluate the viscosity (output

variable) behavior with respect to the input variables ðT;f; _gÞby
presenting a polynomial function. Three models of linear,

quadratic and cubic are used in this method. In the linear

model, there are certain term such as T, fand _g, whereas in the

quadratic model in addition to the mentioned parameters,

other parameters are there such as Tf; T _g; f _g; T2; f2; _g2.
However in the cubic model, in addition to the above param-

eters, some parameters such as T _gf;T _g2;Tf2;T2 _g;f2 _g; _g2f;T3;

f3; _g3are there. Applying analysis of variance (ANOVA), the

best model is selected from linear, quadratic and cubic poly-

nomials. Then, performing P-value, the significance of each

parameter can be evaluated. In ANN and RAMmethods, mean

square error (Eq. 1) and R-sqaure (Eq. 2) are examined to select

the best algorithm and polynomial. In this study, more R-

square and less mean square error (MSE) are more desirable.

MSE ¼ 1
N

XN
i¼1

�
mPred � mExp

�2
(1)

R� square¼

0
B@

PN
i¼1

�
mExp � mexp

�ðmPred � mPredÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1

�
mExp � mexp

�22

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðmPred � mPredÞ22

q
1
CA

2

(2)
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5. Results and discussion

To estimate the MWCNT-liquid paraffin nanofluid viscosity,

the linear, quadratic and cubic polynomials were examined.

Given the constraint of maximizing the R-squared, a cubic

model was chosen.

mnf ¼ b0 þ b1 Tþ b2 fþ b3 _gþ b4Tfþ b5T _gþ b6f _gþ b7 T
2 þ b8 f

2

þ b9 _g
2 þ b10Tf _gþ b11T

2fþ b12T
2 _g þ b13Tf

2 þ b14T _g2

þ b15f
2 _gþ b16 _g

2fþ b17T
3 þ b18f

3 þ b19 _g
3

(3)

Now the questionmust be answered whether all the terms

in Eq. (3) are of high importance? Are there terms that are not

important and can be eliminated? The significance of each

term is evaluated through performing the probability test (p-

value) so that if the p-value is greater than 0.1, the term can be

omitted. By another criterion, the parameters in which the p-

value is less than 0.05 are important and the other parameters

will be deleted. The p-value test results can be found in Table

3.

Therefore, Eq. (3) is rewritten as follows:

mnf ¼a0 þ a1 Tþ a2 fþ a3T _gþ a4 _gfþ a5 T
2 þ a6 _g

2 þ a7T _gf

þ a8T _g2 þ a9 _g
2fþ a10 _gf

2 þ a11 _g
3 þ a12f

3 (4)

The values of the coefficients in Eq. (4) are reported in Table

4.

Based on Eqs. (1) and (2), MSE and R-square are 4.228 and

0.988, respectively. High R-squared of 0.988 indicates accept-

able viscosity prediction ability of the correlation. The margin

of deviation (MOD) in Fig. 4 can be obtained from the following

equation:

MOD¼
����mExp � mPred

mExp

����� 100 (5)

According to Eq. (5), calculations show that the maximum

MOD is 14.42%.

The residual is obtained by subtracting the experimental

and predicted data. The distribution of residual is plotted in

Fig. 5. If the residual value for more points is close to the zero

line, it means that the accuracy of the correlation is higher.

By plotting the experimental data and comparing it with

the predicted results, one can observe the ability of correlation

for viscosity estimation. Fig. 6 evaluate the correlation ability

for the prediction of viscosity ofMWCNT/paraffin. In Fig. 7, the

comparison was made at each temperature. Also, the R-

square value was documented at each temperature.

It is almost possible that as the temperature rises, the ac-

curacy of the correlation in the viscosity prediction becomes

better. On the other hand, by focusing more on Fig. 7, we can

see that at any temperature, the lowest correlation accuracy

occurs at low shear rates. Eventually, it is concluded that the

correlation accuracy is enhanced by increasing the tempera-

ture and shear rate.

Now the results of the artificial neural network are exam-

ined. The results show that if the number of hidden layer

neurons to be 13, the trained neural network will be the best.

Note that the best case corresponds to the highest R-squared
and the lowest mean square error. Fig. 8 shows the MOD

variation for the neural network. As shown, the maximum

value of MOD is 5.59%.

Fig. 9 shows the comparison between the experimental

results and the values estimated by the ANN. As can be seen,

the neural network accurately predicts and trend the viscosity

variations.

The values of R-squared and MSE are also shown in Fig. 8.

The value of R-squares in the neural network is equal to 0.998,

which is higher than the corresponding value in the RSM

method (0.988) and is superior in this respect. A comparison

between MSE in the ANN (0.52) and RSM (4.228) techniques

reveals that the ANN is also superior in this respect. Finally,

the predictive power of both approaches is compared in

Fig. 10. This comparison demonstrates that the accuracy of

the ANN is far better than the RSM method.
6. Conclusion

In this study, the MWCNT-liquid paraffin nanofluid viscosity

was evaluated numerically through applying artificial neural

(ANN)network and response surfacemethod (RSM) techniques.

Owing to non-Newtonian behavior of the MWCNT-liquid

paraffin, three variables of temperature, shear rate and mass

fraction were introduced into the RSM and ANN algorithms as

inputs at 5e65�C, 3e110 1
s and 0.005e5wt.% (308points). Results

showed that the response surface cubic model can accurately

estimate the viscosity of MWCNT-liquid paraffin. The ANOVA

analysis for the developed cubic model showed that the R-

square value was 0.988, while themean square error was 4.228.

Moreover, themaximummargin of deviation for the developed

cubic model was 14.2%. Artificial neural network technique

calculations showed that the network with thirteen neurons

has priority over other cases. The R-square value in this tech-

niquewas calculated to be 0.998 and themean square errorwas

0.52. Moreover, the maximum margin of deviation for the

developed ANNwas 5.59%. Finally, a comparison between ANN

and RSM techniques exhibited that the ANN technique is more

precise than the RSM for navigating the viscosity field.
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