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Abstract
The thermal conductivity is a key parameter to study the applicability of nanofluids for heat transfer enhancement of flowing
liquids. This paper is an effort on implementing various methods to model the effective thermal conductivity of 26 nanofluids
under different situations and evaluate the authenticity of the reported experimental data in the open literature. The most
influential physical properties of nanofluids, such as the nanoparticle volume fraction, nanoparticle diameter, thermal conduc-
tivity of base fluid, temperature, and thermal conductivity of solid particle are considered as the input variables. With the purpose
of introducing a comprehensive and pragmatic model with desired accuracy, a Multilayer Perceptron-Artificial Neural Network
(MLP-ANN) approach is constructed and tested using data generated from 993 experiments. To appraise the creditability of the
MLP-ANN model, a comparison with other 10 alternative techniques is carried out. The predictions made by the MLP-ANN
yield excellent match with the experimentally generated samples against those of the other approaches. The coefficient of
determination and relative root mean squared error are found to be 0.994 and 1.534%, respectively. Likewise, the results of
the data analysis and the outlier detection method have proved that some of the data samples are significantly inconsistent with
the remainder of the data set.

Keywords Nanofluids . Thermal conductivity . Neural network . Computational modeling . Outlier detection

1 Introduction

1.1 Nanofluids: overview

Heat transfer enhancement in various industries is a paramount
problem. Heat Transfer fluids, such as engine oil (EO), water,
monoethylene glycol (MEG), and ethylene glycol (EG) are the
most widely used fluids in heat exchangers suffer from low
thermal conductivity. As a matter of fact, with the purpose of
increasing the efficiency of the current thermal fluid systems,

demand for the next-generation fluids is exacerbated.
Nowadays, nanofluids have gained attention as the potential
replacements to the conventional fluids due to their higher
thermal conductivities. Nanofluids are a new class of fluid
that are made by suspending nanoparticles, such as alumina
(Al), copper (Cu), aluminium oxide (Al2O3), copper oxide
(CuO), titanium oxide (TiO2), zinc oxide (ZnO), silicon di-
oxide (SiO2), silver (Ag), multi-wall carbon nanotube
(MWCNT), etc. into the basefluids [1]. Consequently, these
types of fluids have been implemented in different applica-
tions like heat exchangers [2], thermosyphons [3], absorp-
tion refrigeration systems [4], and solar energy [5] to replace
the conventional fluids in order to overcome the heat trans-
fer problems by improving the thermal conductivity of the
base fluids.

To prepare a nanofluid, the nanoparticles are dispersed in a
base fluid in two different methods, namely single-step and two-
step. The former is amethod for synthesizing and simultaneously
dispersing the nanoparticles in a base fluid, while in the latter one
the nanoparticles are firstly produced in the form of powder and
then they are dispersed to a base liquid to form a stable solution
[6]. The thermal conductivity is a key parameter to study the
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applicability of nanofluids for heat transfer enhancement of
flowing liquids. Literature reviews indicate that this parameter
is controlled by various environmental and particles parameters,
such as the nanoparticle volume fraction (ϕ), nanoparticle diam-
eter (dp), thermal conductivity of base fluid (kbf), temperature (T),
and thermal conductivity of solid particle (kp). Various methods
for measuring the effective thermal conductivity of nanofluids
have been proposed by different scholars in the open literature.
Among them, the transient methods such as temperature oscilla-
tion method [7], transient hot-wire method [8], and 3-ωmethod
[9] have been repeatedly utilized.

1.2 Modeling studies: literature review

There is a growing body of work on the field of nanofluids and
several investigations have been conducted on their thermal
conductivities in order to evaluate the influence of various pa-
rameters [10–13]. While the experimental works require con-
siderable investments to provide a highly equipped laboratory
and proper instruments, which poses a serious limitation to
some of scholars, the predictive approaches are highly promi-
nent for a faster and cheaper vision of different influential pa-
rameters on desired parameters. Actually, it is so challenging to
predict the effect thermal conductivity of nanofluids and this
has been an area of rigorous research for researchers. In the past
years, various theoretical, analytical, and empirical correlations
have been introduced for predicting the thermal conductivity of
nanofluids. Among the models in the open literature, the
Timofeeva et al. [8], Godson et al. [14], Hamilton and Crosse
[15], Wasp et al. [16], Xue [17], Li and Peterson [18], and
Mintsa et al. [19] are some of the most well-known models,
which are widely utilized by different researchers. Table 1 sum-
marizes these models in the open literature. A comprehensive
review of the predictive models for the thermal conductivity of
nanofluids are available in [20].

In response to the rising interest in the prediction of the
effective thermal conductivity of nanofluids, the introduction
of machine learning techniques for the fast and precise predic-
tion of this important parameter is a good option. The advan-
tages of artificial intelligence solutions are easy application,
high generalization capability, ability of solving complex and
ill-defined problems, and ability of processing large amount of
data. In many research areas where problems with ill-defined
relations between input-output pairs are found, researchers are
actively using different artificial neural algorithms to solve the
related problem according to inputs [21–29]. Currently, soft
computing modeling approaches are frequently implemented
and got wide acceptance in the field of nanofluids. Mehrabi et
al. [30] predicted the effective thermal conductivity of Al2O3-
H2O nanofluids using fuzzy C-means clustering-Adaptive
Neuro Fuzzy Inference System and Genetic Algorithm-Group
Method of Data Handling approaches. Esfe et al. [31] devel-
oped a Multilayer Perceptron-Artificial Neural Network (MLP-
ANN) to examine its predictability for the thermal conductivity
of Fe-EG nanofluid. Esfe et al. [32] carried out a comparative
study to declare the predictability of MLP-ANN for predicting
the thermal conductivity of Al2O3-H2O nanofluid. The MLP-
ANNmodeling approach to estimate the effective thermal con-
ductivity of Fe3O4-H2O nanofluid was constructed and offered
by Afrand et al. [33]. A hybrid modeling approach including an
MLP-ANN and principles component analysis was developed
by Yousefi et al. [34] to predict thermal conductivity of various
nanofluids containing ZnO, CuO, Fe3O4, TiO2, and Al2O3

nanoparticles.

1.3 Problem definition

In Table 2, the summary of some of studies conducted
on modeling of thermal conductivity of nanofluids by
means of soft computing approaches is presented. Our

Table 1 Literature correlations for prediction of the effective thermal conductivity of nanofluids

Reference Model expression Remark

Timofeeva et al. [8] keff = kbf(1 + 3ϕ)

Godson et al. [14] keff = kbf(0.9692ϕ + 0.9508) For Ag-H20

Hamilton and Crosse [15] keff ¼ kbf
kpþkbf n−1ð Þþ n−1ð Þϕ kp−kbfð Þ

kpþkbf n−1ð Þ−ϕ kp−kbfð Þ For spherical particles: n = 3;
For cylindrical
particles: n = 6

Wasp et al. [16]
keff ¼ kbf

kpþ2kbf ‐2ϕ kp‐kbfð Þ
kpþ2kbf þϕ kbf ‐kpð Þ

For spherical particles

Xue [17] keff ¼ kbf
1−ϕþ2ϕ

kp
kp−kbf

ln
kpþkbf
2kbf

1−ϕþ2ϕ
kp

kp−kbf
ln

kpþkbf
2kbf

For nanotube

Li and Peterson [18] keff = kbf(1 + 3.761088ϕ + 0.017924T − 0.30734) For CuO-H2O

keff = kbf = (1 + 0.764481464ϕ + 0.01868867T − 0.462147175) For Al2O3-H2O

Mintsa et al. [19] keff = kbf(0.99 + 1.74ϕ) For CuO-H2O

keff = kbf(1 + 1.72ϕ) For Al2O3-H2O
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review of the relevant literature shows that while no-
table progress continues to be made in the area of
nanofluids, a well-verified, accurate, and practical
model considering a large data set for prediction of
the effective thermal conductivity has been missing.
The main goals of this study are summarized as
follows:

a) To collect an extensive data set and subsequently intro-
duce a comprehensive and general model, while the ma-
jority of researchers have developed the models for a spe-
cific type of nanofluid only.

b) To develop four well-known artificial intelligence models
for estimating the effective thermal conductivity of
nanofluids to carry out a comparative study and clarify
their learning ability.

c) To compare the results of the developed models for effec-
tive thermal conductivity of nanofluids with the correla-
tions of Timofeeva et al. [8], Godson et al. [14], Hamilton
and Crosse [15], Wasp et al. [16], Xue [17], Li and
Peterson [18], and Mintsa et al. [19] via graphical and
statistical error analyses.

d) To evaluate the effect of nanoparticle volume fraction,
nanoparticle diameter, thermal conductivity of base fluid,
temperature, and thermal conductivity of solid particle on
the output variable.

e) To evaluate the authenticity of the reported experimental
data in the open literature and define the applicability
range of the best model from statistical point of view.

2 Experimental data

Firstly, a comprehensive literature survey was conducted to
gather an extensive data set for different types of nanofluids.
In this contribution, the data set developed for the needs of this
investigation contains 993 experimental samples on 26 different
types of nanofluids, such as Al2O3- H2O, Al2O3-EG, Al2O3-
Oil, CuO-H2O, CuO-EG, CuO-Oil, CuO-MEG, CuO-Paraffin,
Cu-H2O, Cu-EG, Cu-Oil, Al-H2O, Al-EG, Al-Oil, Al-EO,
ZnO-H2O, ZnO-EG, TiO2-H2O, TiO2-EG, MWCNT-H2O,
MWCNT-R113, MWCNT-EG, Ag-H2O, Mg(OH)2-EG,
SiO2-H2O, and SiO2-TH66 obtained from 24 different sources
in the literature [10, 11, 14, 19, 38–57]. This experimental in-
formation comprises the most influential physical properties of
nanofluids, including the nanoparticle volume fraction, nano-
particle diameter, thermal conductivity of base fluid, tempera-
ture, thermal conductivity of solid particle, and nanofluid effec-
tive thermal conductivity. Table 3 presents the descriptive sta-
tistics, including the minimum, maximum, mean, and standard
deviation of the data set.

3 Modeling methodology

3.1 Description of artificial neural network approach

ANNs represent a joined network of neurons in a parallel
processing structure. The human brain is the main idea behind

Table 2 Summary of some of
previous studies on modeling of
thermal conductivity of
nanofluids using soft computing
approaches

Reference Method Nanofluid Input Number of
data samples

Mehrabi et al. [30] FCM-ANFIS, GA-GMDH Al2O3-H2O ϕ, T, dp 125

Esfe et al. [31] MLP-ANN Fe-EG ϕ, T, dp 72

Esfe et al. [32] MLP-ANN Al2O3-H2O ϕ, T 28

Afrand et al. [33]. MLP-ANN Fe3O4-H2O ϕ, T 30

Esfe et al. [35] MLP-ANN MgO-EG ϕ, T, dp 113

khosrojerdi et al. [36] MLP-ANN graphene-H2O ϕ, T 24

Esfahani et al. [37] ANFIS Cu-oil, Ag-oil, TiO2-oil ϕ, dp 18

Table 3 Details about the
collected data set in this study Parameter Unit Type Minimum Maximum Mean Std. Deviation

dp nm Input 2 150 45.61 33.94

T K Input 283.12 483.15 314.75 25.77

kp W/m.K Input 1 1800 171.60 356.67

Kbf W/m.K Input 0.07 0.62 0.46 0.20

ϕ % Input 0 11.22 2.58 2.63

Keff W/m.K output 0.26 2.89 1.15 0.22
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the modeling approach to process the complex logic opera-
tions and determine the patterns within the data. The adaptive
nature of ANNs and their extremely good capacity to remem-
ber information introduced to them during their training phase
make them a suitable and popular tool in different research
areas. The most common network structure used in ANNs is
the Multilayer Perceptron (MLP) [23]. Figure 1 shows a sche-
matic diagram of the MLP-ANN. The architecture of this
method includes different neurons into many layers: (1) an
input layer, which gets the input information, (2) an output
layer, which provides the values predicted by the ANN, and
(3) at least one hidden layer between the aforementioned
layers [58]. The ANNs with their different architectures have
the ability of modeling different types of linear or nonlinear
systems. The key responsibility of the hidden layer is to map
the inputs to the corresponding outputs by iterative training
from input-output training patterns. This layer consists of a
number of weights and biases, which are adjusted by a suit-
able learning algorithm to determine the best relation between
the input-output pairs.

The number of neurons in the input and output layers in a
MLP-ANN structure is the same as the number of input and
output variables for the problem of interest. Nevertheless,
there is no proven method for selecting the numbers and sizes
of hidden layers. These numbers are flexible and directly de-
pend on the complexity of the problem, the numbers of train-
ing and testing data points, and the noise in the considered
data set [59]. Therefore, the optimum numbers are obtained by
adding neurons in a systematic form during the training phase,
i.e., in a trial-and-error procedure [60]. Each neuron in the

hidden and output layers is associated with a transfer function
to calculated their outputs. Suppose the input vector to the
network is an n-dimensional vector X = [χ1, χ2, χ3, …, χn]

T

then the net input to the jth node of the hidden layer is
expressed as:

nj ¼ ∑
n

i¼1
ωjiχi þ θ j j ¼ 1; 2;…; k ð1Þ

where ωji is the connection weight between the jth hidden
node and the ith input node, θj is the threshold of the jth hidden
node, and K is the number of nodes in the hidden layer. The
net input at the hidden nodes is transformed by a transfer
function to produce the output of the hidden nodes as:

y j ¼ f n j
� � ¼ f ∑

n

i¼1
ωjiχi þ θ j

� �
j ¼ 1; 2;…; k

ð2Þ
where f (*) indicates the transfer function. Different function
types have different features and suitable for different appli-
cations. Nevertheless, a linear function (purelin) is usually
proposed for the output layer, while the logistic sigmoid
(logsig) and tangent sigmoid (tansig) are suggested for the
hidden layer due to their higher ability.

The purpose of training a MLP-ANN is to determine the
most suitable weights and biases to model the nonlinear rela-
tion between input-output pairs. There are different types of
networks in the open literature, such as Recurrent network,
Competitive network, and Feed-Forward Back-Propagation
(BP) network. The latter one is a supervised training algorithm
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and the most famous to be implemented for updating the
weights and biases based on a gradient-descendent algorithm
[61, 62]. It consists of forward computing of data and back-
ward propagation of error signals. Under a given learning rule,
the signals are fed to the input layer, all initial weights and
biases are randomly assigned by the algorithm, and then trans-
fer to the output layer. At the next step, following the rule of
minimizing the error between the desired and values predicted
by the approach, an objective function such as mean square
error (MSE) is defined and is described as:

MSE ¼ 1

2
∑
i∈N

ti−pið Þ2 ð3Þ

where N represents the training data set, ti and pi are the target
and predicted values for the ith training data. The calculated

error is considered as a criterion for tuning of the network’s
weights and biases. For the output layer in a MLP-ANN,
whose output from forward propagation is pi and where the
desired output value is ti, the error term is determined as [63]:

δi ¼ ti−pið Þpi 1−pið Þ i ¼ 1; 2;…; g ð4Þ

In Eq. (4), g represents the number of nodes in the output
layer. For the hidden layer in aMLP-ANN, whose output from
the jth neuron at the hidden layer is mj, the error term is de-
fined as [63]:

δ j ¼ ∑
i
wji⋅δi

� �
mj 1−mj

� �
j ¼ 1; 2;…; k ð5Þ

Fig. 3 Average correlation
coefficient values versus variation
of neurons number in hidden
layers

Fig. 4 The regression plot of the values predicted by the best MLP-ANN
against the experimental values

Fig. 5 The distribution of relative deviation of the best MLP-ANN
estimations
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If the errors are higher than a specific defined value, the
calculated errors are back propagated through the network
to adjust the weights and biases. Obviously, the computa-
tion of the error term for a neuron in a hidden layer needs the
error term from neurons in the downstream layer. Hence,
calculation of the error terms must carry out backwards
within the network, starting with the output layer and end-
ing with the first hidden layer. The network is trained by the
algorithm until the MLP-ANN learns the training patterns
with the lowest error.

3.2 Training and testing sets

One technique that is implemented inMLP-ANN construction
is to split the available data set into two sets: training and
testing sets. The former set is utilized as the initial set of data
that is applied for learning to find the relation between the
input-output pairs by adjusting the related weights and biases.
This step is followed by the testing set to decide whether the
constructed MLP-ANN is satisfactory. In this study, the train-
ing data includes 80% of data set and the remaining 20% put
aside and not contained in the training set applied in the MLP-
ANN approach. Data processing includes pre- and post-
processing of the data. In this case, to improve the MLP-
ANN ability in learning the training data samples and to min-
imize the low convergence rates before modeling, the values
of input and output variables were normalized to the range of
[0.1, 0.9]. Subsequently, the estimated values were mapped
back to the primary range after simulation.

3.3 Description of leverage approach

In different data analysis tasks, a large number of parameters
are collected. Accordingly, primary step through achieving a
coherent predictive model is the recognition of the outlaying

observations. An outlier can be defined as an observation that
deviates so much from other observations. Outliers occur due
to changes in system behavior, mechanical faults, instrument
error, or human error. In spite of the fact that the outliers are
generally taken into account as a noise or an error, they may
contain useful information. These outliers in a data set lead to
incorrect results of a developed model. Therefore, their detec-
tion can extremely improve the efficiency and integrity of a
constructed model. Different approaches were suggested in
the open literature to improve the quality of the data analysis
tasks and outlier detections, but among which Leverage algo-
rithm is a popular solution [25, 64, 65]. This method often
found to be practically very effective and universally accept-
able to purify the data for processing [66, 67]. Through outlier
testing procedure by the leverage approach, it is possible to
identify reliability of the collected data samples and check
whether a new data sample will fall in the developed model
domain or outside of the domain. In other words, this strategy
is not only to check the quality of the experimental data points
used in this investigation but also to define the applicability
domain of the MLP-ANN model. Identifying the outlaying
observations by this method is based on two quantities: stan-
dardized residual (SR) and hat matrix diagonals (h). The SR is
defined as the residual divided by its standard deviation,
where the residual is the difference between the target value
and predicted value. The hat matrix transfers the vector of
response to the vector of fitted values. The matrix is defined
in terms of the data matrix of X and in the Leverage technique
is constructed by applying Eq. (6) [28, 65]:

H ¼ X XtXð Þ−1Xt ¼
h11 h12 ⋯ h1n
h21 h22 … h2n
⋮ ⋮ ⋱ ⋮
hn1 hn2 ⋯ hnn

0
BB@

1
CCA ð6Þ

where X represents a two-dimensional matrix consisting of q
data points as matrix rows and p columns as input variables,
and t is the symbol of the transpose of X, where the diagonal
element hii satisfies [27]:

0≤hii≤1
∑
q

i¼1
hii ¼ C ð7Þ

where C is the number of coefficients. The results are present-
ed as a graphical display on which outliers can be indicated by
sketching the William’s plot.

Fig. 6 Contrast between the measured and the predicted keff versus data
index by MLP-ANN

�Fig. 7 A comparison between the predicted and experimental values: a
Ag-H2O, dp = 63 nm, T = 353.15 K; b Al2O3-H2O, dp = 150 nm, T =
313.15 K; c CuO-H2O, dp = 24 nm, T = 324.15 K; d MWCNT-R113,
dp = 15 nm, T = 296.15 K; e Al2O3-H2O, ϕ=2%, T = 303.15 K; f CuO-
H2O–CuO-EG, dp = 23.6 nm, T = 293.15 K; g Al2O3-EG–Al-EG, dp =
80 nm, T = 298.15 K; h Al2O3-H2O, dp = 38 nm, ϕ=4%
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3.4 Performance assessment indices

Different types of plots are presented to demonstrate a
deep understanding regarding the outcomes generated by
the developed MLP-ANN model. To determine a quan-
titative measure of robustness of the approach, statistical
quality measure parameters, such as the coefficient of
determination (R2) and relative root mean squared error
(RRMSE) are calculated. It should be noted that the
excellent fit between the measured and predicted values
would have R2 = 1. According to [68], model robust-
ness is considered excellent if RRMSE<10%, good if
10% < RRMSE<20%, fair if 20% < RRMSE<30%,
and poor if RRMSE>30%. These parameters are denot-
ed by Eqs. (8) and (9):

R2 ¼ 1− ∑
n

i¼1
ti−pið Þ2= ∑

n

i¼1
ti−ti

� �2
� �

ð8Þ

RRMSE ¼ 1

n
∑
n

i¼1
ti−pið Þ2

� �0:5

=
1

n
∑
n

i¼1
ti

� �
� 100 ð9Þ

where n, ti, pi, ti and are the total number of data, the ith target
data value, the ith data value predicted by the model, and the
average of the target data values, respectively.

4 Results and discussion

The flow of research works in this part is presented in Fig. 2.
The results obtained are presented in further detail in the fol-
lowing sections.

4.1 Development of the MLP-ANN model

The best network topology for estimating the effective thermal
conductivity of nanofluids is determined by designing differ-
ent architectures using the BP algorithm and changing the
number of hidden layers, the number of neurons in the layers,
and the transfer functions in the hidden and output layers. The
MLP-ANN scheme is constructed based on five neurons in the
input layer and one neuron in the output layer. In other words,
the functionality of effective thermal conductivity of
nanofluids is defined as follows:

keff ¼ ƒ ϕ; dp; kbf ;T; kp
� � ð10Þ

Several BP training algorithms, such as Bayesian
Regularization, Levenberg-Marquardt, Conjugate Gradient,
Resilient, and Scaled Conjugate Gradient are tested.
Different structures are examined to select the number of hid-
den layers and the number of their corresponding neurons.
The correlation coefficients of the train and test data sets have
been computed and each network with a certain structure is

Table 4 Comparison between
measured and predicted thermal
conductivity of Ag-H2O (dp =
63 nm, T = 353.15 K)

Volume fraction
of Ag-H2O

Actual data Model

Hamilton
and Crosse [15]

Godson
et al. [14]

Timofeeva
et al. [8]

MLP-
ANN

0.3 1.350 0.759 0.764 2.490 1.348

0.4 1.465 0.797 0.830 2.820 1.465

0.6 1.683 0.852 0.950 3.420 1.680

0.8 1.882 0.895 1.070 4.020 1.915

0.9 2.039 0.913 1.130 4.320 2.046

1.2 2.517 0.958 1.311 5.220 2.515

RRMSE% 55.597 46.037 107.962 0.753

Table 5 Comparison between
measured and predicted thermal
conductivity of Al2O3-H2O (dp =
150 nm, T = 313.15 K)

Volume fraction
of Al2O3-H2O

Actual data Model

Li and
Peterson [18]

Mintsa
et al. [19]

Hamilton
and Crosse [15]

Timofeeva
et al. [8]

MLP-
ANN

0.5 1.030 2.288 1.153 0.751 3.120 1.030

1 1.034 2.670 1.686 1.022 4.620 1.035

2 1.065 3.434 2.753 1.272 7.620 1.065

3 1.095 4.199 3.819 1.409 10.620 1.094

RRMSE% 209.115 154.959 22.179 581.676 0.058
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run eight times. In general, the best results are determined
implementing the Bayesian Regularization training algorithm
and the logistic sigmoid transfer function.

Figure 3 presents, as examples, the average correlation
coefficients of the train and test data sets that have been
calculated for eight times run of some of developed
networks. The network with the highest value of corre-
lation coefficient during the test stage can be chosen as
the best network configuration, as the errors during the
training phase are not a credible indicator for prediction
assessment of a particular method. As is clear from the
figure, the networks developed with one hidden layer
fails due to the complexity of the problem and a large
error. The figure obviously indicates that by increasing
the number of hidden neurons in the two hidden layers
configuration, the model estimation precision over the
training set is improved, while for the testing set, the
network performance decreases after 12 hidden neurons
in both hidden layers. Increasing the number of neurons
above 12 might result in over-fitting of the ANN model.
Therefore, among all developed topologies including
different combinations of transfer functions, hidden
layers, and neurons in these layers, the MLP-ANN mod-
el adopted for the present work is a 5-12-12-1 structure
including the Bayesian Regularization training algorithm
and the logistic sigmoid-logistic sigmoid-purelin combi-
nation considering first hidden layer-second hidden
layer-output layer. This topology has the best fitting
between the actual and predicted values to model the
actual samples measured in the laboratory with an ac-
ceptable integrity. The values of correlation coefficient

for the optimum network configuration during training
and testing phases are 0.997 and 0.994, respectively.
The transfer functions are presented as follows:

1 Logistic sigmoid function

ƒ xð Þ ¼ 1

1þ e−x
ð11Þ

2 Purelin function

ƒ xð Þ ¼ x ð12Þ

The weights and biases matrices are reported in Appendix
1 to support other researchers with the essential information to
generate the outcomes of the developed MLP-ANN scheme.

4.2 Assessment of the proposed new model

Figure 4 presents the regression plot between the experi-
mental values and the predictions of the best MLP-ANN
network (the network with 12 neurons in each hidden
layer, a logistic sigmoid transfer function in both hidden
layers, and purelin transfer function in the output layer).
In this figure, estimated values using the developed
modeling approach are presented on the vertical axis as
a function of experimental data on the horizontal axis. By
sketching the imaginary diagonal line, it was observed
that the MLP-ANN outputs are so coherent with the ex-
perimental values, as aggregation of all data samples is

Table 6 Comparison between
measured and predicted thermal
conductivity of CuO-H2O (dp =
24 nm, T = 324.15 K)

Volume fraction
of CuO-H2O

Actual data Model

Li and
Peterson [18]

Mintsa
et al. [19]

Wasp
et al. [16]

Timofeeva
et al. [8]

MLP-
ANN

2 1.306 5.660 2.771 1.891 7.620 1.315

3 1.345 7.992 3.850 1.561 10.620 1.320

4 1.352 10.324 4.929 1.453 13.620 1.345

RRMSE% 518.556 199.311 27.323 719.351 1.207

Table 7 Comparison between
measured and predicted thermal
conductivity of MWCNT-R113
(dp = 15 nm, T = 296.15 K)

Volume fraction
of MWCNT-R113

Actual data Model

Xue [17] Hybrid-ANFIS GA-LSSVM GMDH MLP-ANN

0.2 1.452 0.215 1.170 1.377 1.1510 1.439

0.4 1.578 0.457 1.421 1.502 1.284 1.582

0.6 1.700 0.940 1.741 1.630 1.462 1.732

0.8 1.909 2.387 2.130 1.758 1.691 1.886

RRMSE% 57.114 11.857 5.948 15.984 1.247
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intense in the vicinity of the 45° dash line. A further
reflection about the validity of the approach can be carried
out by means of the statistical criteria. Similarly, the linear
correlation can be detected by introducing an overall R2 =
0.994 and RRMSE = 1.534%, confirming the correctness
of the developed network for estimation of the effective
thermal conductivity of nanofluids based on the given
data. The distribution of relative deviation of the model
is further illustrated in the form of scatter plot in Fig. 5.
The relative deviation distribution indicates that the mag-
nitudes of deviations are typically within −11.5% and +
9.8%, which is acceptable. To present a deep understand-
ing regarding the outcomes generated by the proposed
model, the contrast of the experimental and estimated data

samples as a function of the data index is presented in
Fig. 6. As is clear from the above-mentioned figure, the
experimental points are precisely modeled using the de-
signed network, because all of the estimated data follow
the trend of the experimental data with high accuracy. The
results show that the MLP-ANN model developed in this
study has high generality, precision, and reliability and
gives an excellent fit to the data samples. The introduced
MLP-ANN gives prosperous estimate model for the effec-
tive thermal conductivity of nanofluids. It makes feasible
to use this method for the estimation of the desired pa-
rameter and this high approximation ability shows the
excellent effectiveness of the MLP-ANN predictive model
to configure and solve such nonlinear problems.

Table 9 Comparison between
measured and predicted thermal
conductivity of CuO-H2O–CuO-
EG (dp = 23.6 nm, T = 293.15 K)

Volume
fraction

Actual data
(CuO-H2O)

Actual data
(CuO-EG)

Model

GMDH

(CuO-
H2O)

GMDH

(CuO-
EG)

MLP-ANN
(CuO-H2O)

MLP-ANN
(CuO-EG)

1 1.046 1.049 1.051 1.032 1.047 1.050

2 1.070 1.085 1.052 1.062 1.068 1.082

3 1.109 1.140 1.114 1.132 1.107 1.137

4 1.151 1.220 1.191 1.220 1.161 1.212

RRMSE% 2.030 1.321 0.477 0.405

Table 8 Comparison between
measured and predicted thermal
conductivity of Al2O3-H2O
(ϕ=2%, T = 303.15 K)

Volume fraction
of Ag-H2O

Actual data Model

Hybrid-
ANFIS

GA-
LSSVM

GMDH MLP-
ANN

50 1.069 1.075 1.065 1.065 1.067

100 1.052 1.051 1.055 1.061 1.049

150 1.045 1.055 1.037 1.088 1.043

RRMSE% 0.640 0.516 2.413 0.2256

Table 10 Comparison between
measured and predicted thermal
conductivity of Al2O3-EG–Al-
EG (dp = 80 nm, T = 298.15 K)

Volume
fraction

Actual data
(Al-EG)

Actual data
(Al2O3-EG)

Model

GMDH

( A l -
EG)

GMDH

(Al2O3-
EG)

MLP-ANN
(Al-EG)

MLP-ANN
(Al2O3-EG)

1 1.112 1.051 1.075 1.057 1.107 1.057

2 1.192 1.093 1.144 1.129 1.195 1.099

3 1.291 1.118 1.194 1.155 1.284 1.121

4 1.362 1.150 1.283 1.199 1.361 1.160

5 1.451 1.177 1.346 1.229 1.445 1.187

RRMSE% 6.079 3.535 0.382 0.671
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4.3 Estimation of the experimental data

As mentioned above, we indicated that the MLP-ANN could
excellently map the input values to the corresponding targets.
The most advantages of the developed MLP-ANN in this
study are the generality of the model for all of considered
nanofluids and the capability of determining the influences
of the nanoparticle volume fraction, nanoparticle diameter,
thermal conductivity of base fluid, temperature, and thermal
conductivity of solid particle on the effective thermal conduc-
tivity of nanofluids in less than 1 s with high accuracy and
integrity over a wide range.

It is understandable that through evaluation of the perfor-
mance of any predictive model for its applicability, it is not
only valuable to assess the estimation errors but also the be-
havior of the best model in different conditions should be
analyzed. Following this, the models such as Timofeeva et
al. [8], Godson et al. [14], Hamilton and Crosse [15], Wasp
et al. [16], Xue [17], Li and Peterson [18], and Mintsa et al.
[19] have been developed to predict the effective thermal con-
ductivity of different types of nanofluids to conduct a

comparative study for confirming the generality, applicability,
and comprehensiveness of the developed MLP-ANN. It
should be mentioned that most of the correlations consider
the effective parameters as the particle volume fraction, ther-
mal conductivity of the base liquid, and thermal conductivity
of particles. Furthermore, the other well-known artificial in-
telligence methods, such as Hybrid-Adaptive Neuro Fuzzy
Inference System (Hybrid-ANFIS), Genetic Algorithm-Least
Square Support Vector Machine (GA-LSSVM), and Group
Method of Data Handling (GMDH) are developed based on
the same data set. The aforementioned approaches are codded
using MATLAB® 2016b and run on a personal computer to
create and configure the networks architectures. Details about
formulation of aforementioned networks are available in the
literature [69–71].

Figure 7a–h illustrates a comparison between the predicted
results using different models and the experimental data. This
figure contains, as examples, the experimental and predicted
data for Ag-H2O, Al2O3-H2O, CuO-H2O, MWCNT-R113,
CuO-EG, Al-EG, and Al2O3-EG nanofluids. It is seen that in
all applied cases (Fig. 7a–c), the Timofeeva et al. [8] model
noticeably overestimates the experimental data. It is worth
mentioning that the Hamilton and Crosse [15] model tends
to underestimate the Ag-H2O samples (Fig. 7a), while this
model underestimates the Al2O3-H2O data samples in the vol-
ume fraction ranging from 0.5 to 1 whereas above the volume
fraction of 1, the model overestimates the experimental values
(Fig. 7b). As is evident, MLP-ANN, GA-LSSVM, Hybrid-
ANFIS, and GMDH models outperform the Xue [17] model
in estimating theMWCNT-R113 values and have the ability to
predict the actual samples measured in the laboratory with an
acceptable integrity (Fig. 7d). Nevertheless, the MLP-ANN
model provides a better estimation. The MLP-ANN outputs
confirm that the increments in the nanoparticle volume frac-
tion cause a rise in the effective thermal conductivity of
nanofluids. Figure 7e indicates that a thermal conductivity
enhancement with a decrease in the nanoparticle diameter.
The effect of based fluid type on the effective thermal conduc-
tivity for two different types of nanofluids is shown in Fig. 7f.

Table 11 Comparison between
measured and predicted thermal
conductivity of Al2O3-H2O (dp =
38 nm, ϕ=4%)

Volume fraction
of Al2O3-H2O

Actual data Model

Hybrid-
ANFIS

GA-
LSSVM

GMDH MLP-
ANN

294.33 1.094 1.097 1.079 1.099 1.094

298.94 1.113 1.104 1.075 1.100 1.110

304.37 1.126 1.114 1.100 1.102 1.129

309.26 1.158 1.128 1.134 1.103 1.154

314.42 1.194 1.148 1.171 1.106 1.185

319.30 1.220 1.173 1.201 1.109 1.219

RRMSE% 2.393 1.999 5.002 0.349

Fig. 8 Recognition of the outlaying observations and applicability
domain of the MLP-ANN for the Keff prediction
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The experimental data show that fluids with lower thermal
conductivities lead to a higher enhancement, in which MLP-
ANN results are more consistent with the experimental results
for both types of nanofluid. To visualize further the predictive
ability of the proposed MLP-ANN model, the effect of solid
particle thermal conductivity and temperature on the effective
thermal conductivity of nanofluids are studied and presented
in Fig. 7g and h, respectively. In general, experimental results
indicated that the rise in temperature and thermal conductivity
of particles cause an increase in the effective thermal conduc-
tivity of nanofluids. Excellent match between results generat-
ed by the developed MLP-ANNmodel and experimental data
measured in the laboratory gathered from the literature is no-
ticed for the considered conditions.

In Tables 4, 5, 6, 7, 8, 9, 10, and 11 the effective thermal
conductivity predictions using different models are compared
with the corresponding experimental values presented in Fig.
7. In order to assess the capability of developed MLP-ANN
model, the results obtained by this approach are also included
in these tables. The assessment of the goodness-of-fit is per-
formed using RRMSE statistical indicator. It is seen that the
proposed model can estimate the experimental data with min-
imum error. The introduced MLP-ANN model gives lower
RRMSE. It is apparent that the other models illustrate more
scatter than the developed MLP-ANN approach based on the
given data. Compared with the other implemented ap-
proaches, one can say that the suggested MLP-ANN model
achieved higher integrity and improved the performance in
different ways under different situations.

4.4 Applicability domain and outlier detection

In outlier testing procedure, the warming Leverage (H*) is first
introduced to distinguish the probable outliers from the re-
mainder of data. This parameter is denoted as 3 m/n, where
m is equal to the number of input parameters plus one and n is
the symbol of the number of data samples [25]. The observa-
tion with value higher than H* is considered for being an
outlier. If an observation is declared as an outlier, it should
be deleted from the reservoir to present a more reliable model.
Nevertheless, the purpose of this study is to assess the perfor-
mance of the models based upon all collected experimental
data. Accordingly, the ranges of 0≤h≤ H* and − 3≤SR≤3 are
considered for the outlier identification problem, which intro-
duces the concept of William’s plot. This plot brings together
identification of the applicability domain and assessment of
quality of the experimental data samples by plotting the stan-
dardized residual values on the vertical axis against the hat
values on the horizontal axis.

It has to be noted that the SR > 3 or SR <−3 definition
identify which of the observations that lie in the outlier region,
regardless of considering their hat values. Figure 8 shows
graphically the William’s plot for this study using the MLP-

ANN method. Although there are some points out of the
range, accumulation of majority of the samples within the
range of −3≤SR≤3 and 0≤h≤0.0181 confirms the developed
modeling approach in this study for prediction of the effective
thermal conductivity of nanofluids is reliable and statistically
correct. Meanwhile, existing samples out of the aforemen-
tioned range indicates those observations that are located rel-
atively far from the bulk of the data set. The lower standard-
ized residual and hat values represent higher accuracy of the
data samples. Apparently, different standardized residual and
hat values indicate that the quality of the observations is dif-
ferent. The main reasons for this phenomenonmight be instru-
ment error, unreliable data, or insufficient control of
nanofluids during the preparation phase, as mentioned by
Vatani et al. [72].

5 Conclusions

In this study, a comprehensive model with desired accuracy of
the reported experimental data samples, a 5-12-12-1 ANN
model is developed based on 993 experimental samples to
predict the effective thermal conductivity of 26 different class
of nanofluids. This model is able to check the effect of the
most influential physical properties of nanofluids, including
the nanoparticle volume fraction, nanoparticle diameter, ther-
mal conductivity of base fluid, temperature, and thermal con-
ductivity of solid particle on the effective thermal conductivity
of nanofluids. The capability of the suggested method is fur-
ther compared against 10 different well-known models. It is
found that while the empirical models tend to noticeably over-
estimate or underestimate the experimental data, the devel-
oped MLP-ANN perform adequately to the other methods in
all cases, and particularly well on large data set for modeling
the complicated process with high number of influential pa-
rameters. The maximum generalization error of the MLP-
ANN, according to all data samples, is within −11.5% and +
9.8% with an R2 = 0.994 and RRMSE = 1.534%. This indi-
cates that the constructedMLP-ANNmodeling approach is an
accurate and reliable computing tool to predict the effective
thermal conductivity of different nanofluids in different ways
under different conditions. In the next step, the quality of the
collected data and the applicability of the developed MLP-
ANN model are ascertained using a methodology based on
the concept of the Leverage Value Statistics. It is found that
the quality and accuracy of the utilized experimental data
samples differ from each other by presenting different stan-
dardized residual and hat values.

As an alternative modeling approach, the results indicated
that use of soft computing modeling approaches, especially
the MLP-ANN method could be helpful to reduce the costs,
time, and nanofluids incurred with conventional trial-and-
error experimental procedures. This is highly valuable to
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industries and engineers those who are involved in the works
related to nanofluids to determine and monitor the outcomes
with a favorable precision.
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Appendix 1

Figure 9 shows the architecture of the MLP-ANN developed
in this study, including the input layer, hidden layers, and
output layer. To make the outcomes of the model reproduc-
ible, the matrices of the weights and biases of all layers of the
optimized trained model are presented.

iw 1;1f g ¼

0:39082 −0:014084 −10:6324 0:26459 0:84956
−3:0686 1:7539 −0:3762 4:4476 −0:40305
−6:2119 −0:59865 8:0815 3:1959 2:8045
4:604 0:032355 −0:41081 4:0842 −4:3598
−1:8269 −0:21067 14:0708 −5:1867 −5:2764
3:9682 0:028767 −2:3525 0:49441 3:9595
−14:7481 0:022126 −0:30675 17:16 1:8299
4:1637 0:13297 2:2652 1:5591 6:3607
6:5973 0:17642 −7:7412 0:87903 −2:8476
−5:5843 0:038979 −4:2519 4:1328 1:7722
16:4519 0:13228 0:21144 8:4349 −3:0043
−1:9754 0:19147 −4:5379 −15:0046 2:8383

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

iw 2;1f g ¼

9:3909 5:2654 −5:0754 2:0546 4:9026 0:10895 5:8691 −2:3513 2:7339 1:873 −4:6554 −1:9204
−2:3822 3:1975 −2:894 −2:1243 −6:7652 1:6242 3:8816 0:41683 −2:9673 2:6467 4:6923 −3:4879
0:31545 1:1402 0:21657 1:2344 4:6941 −0:43117 1:9072 0:25659 1:9737 −5:0242 −6:0346 1:0776
2:6388 6:633 0:57383 −0:40435 4:3536 2:5118 9:6553 −1:3428 2:8852 −8:4108 −2:802 −3:8271
7:7157 6:3849 −4:1712 1:3367 0:13122 2:649 −2:7644 −3:5906 3:5364 6:7589 −2:332 −1:7197
−12:1882 0:66339 6:865 −0:065198 −6:2056 1:1504 −7:9341 −1:0004 1:2303 0:51055 5:7287 4:174
13:211 1:4139 −2:1939 1:2398 2:3873 −2:4558 7:2297 2:8206 7:6622 −6:4518 −8:8091 −0:35605
4:0242 −3:912 0:17356 1:8337 5:7274 9:1018 6:9179 −5:3676 1:3547 1:2528 −1:7182 11:8254
8:6342 −1:9964 −8:5127 −2:57 −7:4611 1:3305 2:968 −1:098 −2:9124 3:2901 −2:7158 5:1096
1:8004 −5:711 1:3356 −0:64724 −7:3865 −2:7065 −0:049451 2:2235 0:28367 −5:7362 −1:3295 −2:2794
1:3055 −8:0506 −1:4746 −4:0037 2:207 −7:8095 −2:418 5:267 −2:6655 −1:4461 3:6883 −8:5931
−0:76732 3:3217 −1:6655 −3:2034 3:8284 −0:80539 −3:6202 0:11302 0:34143 2:269 2:6533 −4:565

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

iw 3;2f g ¼ −7:2558 8:2687 9:1859 4:6823 7:1299 11:3354 4:6121 −16:6478 8:8137 −10:5927 5:4952 −10:5162ð Þb 1f g

¼

−9:5135
−6:1122
1:8874
2:3953
4:2362
−0:21758
−5:9346
4:5738
−5:7288
−3:0885
10:7221
−8:9511

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

b 2f g ¼

−10:2081
0:086536
4:5056
−0:51204
−8:6412
1:7373
0:11254
−5:564
3:3595
7:221
7:3636
1:8576

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

b 3f g ¼ −3:4709ð Þ
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Fig. 9 The optimized MLP-ANN architecture
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