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Available online 25 May 2016 In this paper, at first, a new correlation was proposed to predict the relative viscosity of MWCNTs-SiO2/AE40
nano-lubricant using experimental data. Then, consideringminimumprediction error, an optimal artificial neural
networkwas designed to predict the relative viscosity of the nano-lubricant. Forty-eight experimental data were
used to feed the model. The data set was derived to training, validation and test sets which contained 70%, 15%
and 15% of data points, respectively. The correlation outputs showed that there is a deviation margin of 4%.
The results obtained from optimal artificial neural network presented a deviation margin of 1.5%. It can be
found fromcomparisons that the optimal artificial neural networkmodel ismore accurate compared to empirical
correlation.
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1. Introduction

Oil is a lubricant that is used in industrial applications for many
years. Themain task of oil is to reduce friction inmoving parts. It also in-
hibits corrosion, improves sealing and cleans the engine. It is also used
as a coolant in numerous applications and can remove excess heat
away frommoving parts. Since adding the nano-sized materials can in-
crease the thermal conductivity of fluids, many researchers have fo-
cused on this subject. In recent decades, the thermal conductivity and
heat transfer rate of the dispersions of nano-sized materials in common
fluids, called nanofluids, have been investigated inmany studies [1–10].
These studies have shown that the thermal conductivity of nanofluids is
greater than common fluids and is a function of temperature, solid
volume fraction, size and shape of nanoparticles, and properties of
base fluids and nanoparticles.

However, the thermophysical properties of the fluids also are affect-
ed by the adding nanoparticles to the fluid base. Among these proper-
ties, viscosity is an important parameter for calculating the required
pumping power. It affects the Reynolds and Rayleigh number values,
which are very essential characteristics for convective heat transfer. In

this regard, many researchers have investigated the viscosity of
nanofluids, and have reported that the viscosity of nanofluids is depen-
dent on temperature, concentration, size and shape of nanoparticles,
and specifications of base fluids and nanoparticles [11–20].

In recent years, attention has been given to use novel nanofluids,
called hybrid nanofluids, combined with various nanoparticles to en-
hance the thermo-physical properties of common fluids. For example,
the thermo-physical properties of several water-based hybrid
nanofluids containing Cu–Cu2O, Ag–TiO2, Cu–TiO2, Ag–MgO, MWCNT–
SiO2, MWCNT–Ag, MWCNT–Fe2O3, and Fe3O4–Ag have been reported
by different researchers [21–29].

However, there is a need to do several experiments for obtaining the
thermophysical properties of nanofluids at different temperatures and
nanoparticles concentrations, which are time-consuming and costly.
Therefore, to avoid the costs of experiments, soft computing methods
have been used to predict the thermophysical properties of nanofluids.
Among these methods, we can point to curve-fitting, artificial neural
network (ANN), fuzzy logic and genetic algorithm as the most widely
used methods. In this regard, numerous studies have been performed
on thermal conductivity of various nanofluids by employing soft com-
putingmethods. Some of the studiesworthmentioning are the research
studies of Papari et al. [30], Hojjat et al. [31], Longo et al. [32], Ariana
et al. [33] and Hemmat Esfe et al. [34–40]. Nevertheless, there are few
works for the viscosity of nanofluids by using soft computing methods.
For example, Mehrabi et al. [41] established a newmodel for predicting
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the effective viscosity of Al2O3, CuO, TiO2 and SiO2 water-based
nanofluids using an FCM-ANFIS based on experimental data. They con-
sidered the nanoparticles size, solid volume fraction and temperature as
the design parameters. Their comparisons revealed that the estimated
results agreed with the experimental findings. Karimi et al. [42] sug-
gested a neural network based on genetic algorithm to predict the
nanofluids viscosity. They optimized the neural network parameters
by employing the genetic algorithm. Temperature and concentration
of nanoparticles were considered as input variables. Their results
showed that the proposed model was in agreement with experiments.
Recently, Hemmat Esfe et al. [43] predicted the dynamic viscosity and
thermal conductivity of ferromagnetic nanofluid by designing an artifi-
cial neural network (ANN). They used experimental results that include
temperature and concentration diameter of particles as input variables.
Their results showed that the neural networkwas able to track the data.
The ANN outputs also revealed the maximum error of 2% and 2.5% in
predicting the thermal conductivity and dynamic viscosity, respectively.

Because of numerous applications of engine oil, mentioned above,
the study of rheological behavior of engine oil seems very necessary.
However, only a fewworks have been done on thermo-physical proper-
ties of engine oils [44–48]. On the other hand, literature survey reveals
that there is no any reported work aboutmodeling of dynamic viscosity
of MWCNTs-SiO2/SAE40 hybrid nano-lubricant using artificial neural
network. Hence, in the present study, for the first time, a new correla-
tion has been proposed to predict the relative viscosity of MWCNTs–
SiO2/AE40 hybrid nano-lubricant using a set of experimental data.
Then, an accurate and efficient artificial neural network has been
designed to predict the relative viscosity of the hybrid nano-lubricant.

2. Methodology

2.1. Experimental

Forty-eight experimental data for the relative viscosity of a hybrid
nano-lubricant covering a volume fraction ranging from 0 to 1% and a
temperature ranging from 25 to 60 °C have been used for developing
models (Fig. 1) [49]. The hybrid nano-lubricant is made up of a combi-
nation of multi-walled carbon nanotubes and silica dispersed in SAE40
engine oil. The properties of the nano-materials used for nano-
lubricant data are presented in Table 1.

2.2. Proposing new experimental correlation

In this section, a new experimental correlation has been proposed as
a function of temperature and solid volume fraction. To attain a precise
correlation, the curve-fitting has been performed employing the
Marquardt–Levenberg algorithm [50] to find the coefficients of the
temperature and solid volume fraction. This algorithm examines the
parameters that minimize the sum of the squared differences between
the experimental data and predicted values of the relative viscosity of
the nano-lubricant (see Eq. (1)).

S ¼
Xn
i¼1

yi−ŷið Þ2 ð1Þ

where S is the sum of the squared differences, and yi and ŷi are
respectively the experimental and the predicted values of the relative
viscosity.

The correlation, attained by aforementioned algorithm, can estimate
the relative viscosity of the hybrid nano-lubricant which is known as

μr ¼
μnf

μbf
¼ 0:00337þ exp 0:07731φ1:452T0:3387

� �
ð2Þ

where μ r, μ nf and μ bf are, respectively, the relative viscosity, the
nanofluid viscosity and the base fluid viscosity. Moreover, T is the tem-
perature of the nanofluid in °C and φ is the solid volume fraction in %.

2.3. Architecture of artificial neural network

Recently, the artificial neural network (ANN) has been used widely
to predict the nonlinear systems because of its significant advantages
such as high precision, low cost and time. The human brain is the
main idea behind ANN, which is a parallel processing network to
determine the complex nonlinear relationships between input variables
and output parameters [51,52].

The ANN architecture presents the connections between the
neurons and the layers. The weights and biases on the connections are
determined using the learning algorithm. The ANN consisted of an
output layer and a hidden layer. In this study, the transfer function of
the hidden layer has been considered as the tangent-sigmoid, while
pureline functionwas used for the output layer. Eq. (3) presents the tan-
gent-sigmoid transfer function as follows:

f xð Þ ¼ 1
1þ exp −xð Þ ð3Þ

Since a Levenberg–Marquardt generally leads to better outputs
[53–54], the Levenberg–Marquardt training algorithm has been
employed to model the rheological behavior of MWCNTs–SiO2/AE40
nano-lubricant. In this study, a feed forward network has been used as
the training algorithm (see Fig. 2). There are two input variables includ-
ing solid volume fraction (φ) and temperature (T). The ANN output pa-
rameter is the relative viscosity (μr). Forty-eight experimental data,Fig. 1. Relative viscosity versus temperature for various solid volume fractions [49].

Table 1
Properties of the nano-materials used for nano-lubricant data.

Characteristic Value

MWCNTs SiO2

Purity N97% N99%
Color Black White
Size Outer diameter: 5–20 (nm) 20–30 (nm)

Inner diameter: 3–5 (nm)
Length: 50 (μm)

Bulk density: 0.27 (g/cm3) b0.10 (g/cm3)
True density ~2.1 (g/cm3) 2.4 (g/cm3)
Specific surface area (SSA) 233 (m2/g) 180–600 (m2/g)

210 M. Afrand et al. / International Communications in Heat and Mass Transfer 76 (2016) 209–214



Download English Version:

https://daneshyari.com/en/article/652862

Download Persian Version:

https://daneshyari.com/article/652862

Daneshyari.com

https://daneshyari.com/en/article/652862
https://daneshyari.com/article/652862
https://daneshyari.com

