Advances in Nano Research, Vol. 12, No. 5 (2022) 489-499
https://doi.org/10.12989/anr.2022.12.5.489

Differentiation among stability regimes of alumina-water
nanofluids using smart classifiers

Bahador Daryayehsalameh?, Mohamed Arselene Ayari?3, Abdelouahed Tounsi*®,
Amith Khandakar® and Behzad Vaferi*’

1School of Chemical Engineering, Iran University of Science and Technology (IUST), I.R. Iran
2Department of Civil and Architectural Engineering, College of Engineering, Qatar University, Doha 2713, Qatar
3Technology Innovation and Engineering Education Unit, Qatar University, Doha 2713, Qatar
4YFL (Yonsei Frontier Lab), Yonsei University, Seoul, Korea
SMaterial and Hydrology Laboratory, University of Sidi Bel Abbes, Faculty of Technology, Civil Engineering Department, Algeria
5Department of Electrical Engineering, Qatar University, Doha 2713, Qatar
"Department of Chemical Engineering, Shiraz Branch, Islamic Azad University, Shiraz, Iran

(Received August 10, 2021, Revised February 14, 2022, Accepted March 2, 2022)

Abstract. Nanofluids have recently triggered a substantial scientific interest as cooling media. However, their stability is
challenging for successful engagement in industrial applications. Different factors, including temperature, nanoparticles and base
fluids characteristics, pH, ultrasonic power and frequency, agitation time, and surfactant type and concentration, determine the
nanofluid stability regime. Indeed, it is often too complicated and even impossible to accurately find the conditions resulting in a
stabilized nanofluid. Furthermore, there are no empirical, semi-empirical, and even intelligent scenarios for anticipating the
stability of nanofluids. Therefore, this study introduces a straightforward and reliable intelligent classifier for discriminating
among the stability regimes of alumina-water nanofluids based on the Zeta potential margins. In this regard, various intelligent
classifiers (i.e., deep learning and multilayer perceptron neural network, decision tree, GoogleNet, and multi-output least squares
support vector regression) have been designed, and their classification accuracy was compared. This comparison approved that
the multilayer perceptron neural network (MLPNN) with the SoftMax activation function trained by the Bayesian regularization
algorithm is the best classifier for the considered task. This intelligent classifier accurately detects the stability regimes of more
than 90% of 345 different nanofluid samples. The overall classification accuracy and misclassification percent of 90.1% and
9.9% have been achieved by this model. This research is the first try toward anticipting the stability of water-alumin nanofluids
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from some easily measured independent variables.
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1. Introduction

High-temperature  stream/equipment of  industrial
processes are often required to cool down using an
appropriate working/operating fluid (Ebadian and Lin
2011). It is widely accepted that a liquid-based cooling
technology can effectively cool down high-temperature
equipment (Ebadian and Lin 2011). Deionized water,
ethylene glycol, high heat capacity oils, and propane are the
most commonly used liquids in cooling cycles (Lai et al.
2009). Unfortunately, these traditional cooling media often
fail to transfer heat adequately flux due to their weak
thermophysical characteristics (Kazemi and Nasr 2014). On
the other hand, some devices are needed to cool down as
quickly and efficiently as possible by removing a massive
heat flux (Ebadian and Lin 2011).

The addition of nano-sized metal and non-metallic
particles to the traditional cooling liquids (i.e., nanofluid
synthesis) has been proposed to improve their thermo-
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physical properties and heat removal efficiency (Khalifeh
and Vaferi 2019). Nanoparticles Brownian motion (Igbal et
al. 2021) and their higher thermal conductivity than the
traditional fluids (Ibrahim et al. 2021) are responsible for
this improvement. Generally, nanofluids are fabricated by
homogenized dispersion of single or combined nano-
particles in a pure (Pandit and Sharma 2020) or mixture
(Asadi et al. 2021) of traditional liquid. Nanofluids have
already approved their potential advantages to cover the
limitations of conventional fluids in heat transfer
applications (Abid et al. 2020, Sharif et al. 2021a, b).
Nano-scale particles (Kaabipour and Hemmati 2021)
have been gradually engaged in different applications
ranging from wastewater treatment (Keshtkar et al. 2021,
Alibak et al. 2022), nanocomposite fabrication (Arani et al.
2021, Esmaeili-Faraj et al. 2021, Nezhad et al. 2021),
tunable polymer-protein (Seaberg et al. 2020), antibacterial
media (Balaz et al. 2019), energy generation (Chu et al.
2021) and management (Chu et al. 2020a, b, Gul et al.
2020, Haq et al. 2021), reforming process (Deng et al.
2019), porous media (Esfe et al. 2020, Sheikholeslami et al.
2021), nanofluid synthesis (Ipek and Mermerdas 2020,
Khan et al. 2021, Ali et al. 2021) to trace gold separation
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from water (Zeng et al. 2021).

Stabilizing the nanoparticles in a base fluid is a
limiting/hindering step for nanofluids to achieve their
highest potential in industrial and real-life applications
(Khalifen and Vaferi 2019). Nanofluid’s transport and
thermophysical properties and their potential application as
cooling media are directly related to the stability regimes
(Mukherjee et al. 2018). Synthesizing a homogeneous
nanofluid so that the nanoparticle tendency to -either
aggregate or precipitate be as slight as possible is still a
technical challenge (Yang et al. 2011, Mahajan 2017).
Indeed, nanoparticles’ high specific surface area (surface
area per mass) creates a strong van der Waals force that
adheres them together and forms aggregates (Mukherjee et
al. 2018). These phenomena increase the nano-aggregate
size and unstable nanofluids (Khalifeh and Vaferi 2019).
Unstable nanofluids experience nanoparticles’ sedimentation,
mobility reduction, and deterioration in the transport and
thermophysical characteristics (Angayarkanni and Philip
2014). The effects of aggregation on the flow characteristics
(Bao et al. 2019), thermal conduction (Khalifeh and Vaferi
2019), viscosity (Kole and Dey 2011), optical (Song et al.
2016), and transport (Kang et al. 2012) properties of
nanofluids have comprehensively been investigated.

Surface modification, mechanical or ultrasonic agitation,
and pH adjustment are general techniques to fabricate stable
nanofluids (Zhou et al. 2021, Ghadimi 2013). A single or
combination of these techniques may be applied to
synthesize a stabilized nanofluid (Khalifeh and Vaferi
2019). Generally, no universal guideline exists to anticipate
the best scenario to synthesize a nanofluid with the highest
possible stability (Ghadimi 2013). Several attempts have
been made to stabilize nano-suspensions using surface-
active agents, i.e., surfactants (Ghadimi 2013), acidity
adjustment (Cacua et al. 2019), ultrasonic agitation
(Ghadimi 2013), surface modification (Li et al. 2014), and
mechanical agitation (Wen et al. 2018).

While it is widely accepted that unstable nanofluids are
not appropriate cooling media, their stability must be
carefully monitored before engaging in real-field
applications. Zeta potential is a well-established method for
quantitatively determining stability regimes of a nano-
suspension (Ghadimi 2013). Since nanofluid stability has a
complex dependency on several factors, it often needs high
costs and efforts to be determined by experimental
inspection. On the other hand, there are no empirical, semi-
empirical, and even intelligent scenarios for anticipating the
stability regime of nanoparticles dispersion in a base fluid
(Ghadimi 2013). Therefore, this study introduces a
straightforward intelligent classifier to differentiate among
the stability regimes of alumina-water nanofluids based on
the zeta potential margins. The most accurate classifier is
found by comparing the classification accuracy of deep
learning neural network, decision tree, multilayer
perceptron neural network, GoogleNet, and multi-output
least squares support vector regression. Nanofluid
characteristics (temperature, pH, nanoparticle type, and
dosage), surfactant type and concentration, and ultra-
sonication properties (duration, frequency, and power), are
deciding factors to determine the stability regimes. This
research can be viewed as the first try towards anticipting

Table 1 Classification of the nano-suspension stability
regimes based on the absolute value of the Zeta potential
test (Mukherjee et al. 2018)

Zeta potential (absolute value)

Stability/instability regime
Slight to no stability (Class 1)

Less stability with light settling
(Class 2)

Moderate stability (Class 3)

Zeta potential = 0 mV

0 mV < Zeta potential <= 15 mV
15 mV < Zeta potential

<=30 mVv

30 mV < Zeta potential Decent stability with possible
<=45mV settling (Class 4)

45 mV < Zeta potential Excellent stability with lesser
<= 60 mV possibility of settling (Class 5)

the stability of water-alumin nanofluids from some easily
measured independent variables.

2. Materials and methods

The first part of this section introduces the stability
regimes of nano-suspensions based on the Zeta potential
margins. The second part presents the collected
experimental database used to classify the alumina-water
stability regimes.

2.1 Stability of nanofluids

Light scattering, ultraviolet-visible spectrophotometer,
photo-capturing,  transmission  electron  microscopy,
scanning electron microscope, sedimentation mass balance,
and Zeta potential are available methods to monitor the
stability regimes of nano-suspensions (Ghadimi 2013). The
latter is likely the most reliable test to determine the
nanofluid stability regimes. The Zeta potential test
investigates the electrophoretic forces between nano-
particles in the base fluid. Determination of the suspension
stability from the zeta-potential arises from a simple
scientific fact that states the similarly charged particles
naturally tend to repulse each other. Indeed, the nano-sized
particles with low surface charges tend to form an aggregate
and unstabilize nano-suspension. In other words, the
electrostatic repulsions between nanoparticles and nanofluid
stability increase by increasing the absolute value of zeta
potential (Mukherjee et al. 2018). Table 1 introduces the
stability regimes of nano-suspension based on the absolute
value of a Zeta potential margin.

2.2 Literature data

A relatively massive experimental database for the
stability of alumina-water nanofluids has been collected
from 29 different experimental research studies (Table 2).
To the best of our knowledge, there are no other data for
alumina-water stability regimes in the literature. Our
database includes the stability information of 345 water-
alumina samples. Table 2 shows that the alumina-water
stability regime is considered as a function of nanofluids
characteristics (temperature, pH, and alumina concentration
in base fluids), ultrasonic agitation properties (power,
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Table 2 Summary of literature data about stability regimes of alumina-water nano-suspensions

F1 F2 F3 F4 F5 F5 F7 F8 F9 R1 References
0.030 3 0553 13134 130 60 100 40 298 29.1-40.7  (Huang etal. 2009)
0.500 0 0.000 70 105213 0-300 282 20 288 155-58.5 (Mahbubul etal. 2015b)
0.100 0 0.000 70 7487 61661 100 20 295 282-514  (Zhuetal. 2011)
0.100 0 0.000 6.0 30  0-1807 700 40 300 222-345  (Jangetal. 2007)
0.050 0 0.000 70 105134 59-300 400 20 298 55584 (Mahbubul etal. 2015a)
0.050 3 0050 28102 242312 15 100 40 298 28.7-39.1 (Wangand Zhu 2009)
0.050 3 0050 191 207 15 100 40 300 29.2-40.7  (Zhuetal.2009)
0050 3,4 002-018 1107 38207 15 100 40 298-300 28.8-39.9  (Wang etal. 2011)

001-08 0 0000 24-121 40  60-180 750 19 298 33.8-50.3 (Choudhary etal. 2017)
053 0 0.000 70  108-588 0-40505 200 24 308  25-57.8  (Sadeghi et al. 2015)
013065 0 0000 5366 160-208 30 250 23 298 11.8-14.3 (Wangand Wang 2017)
0.5-1 0 0000 7275 20 60 200 24 298 46.7-51.3  (Laietal. 2000)
0.200 0 0000 26114 6 120 100 40 298 21.1-50.5 (Syarif and Prajitno 2015)
0.030 0 0000 1110 115120 20 500 20 298 21.3-343  (Cacuaetal. 2019)
001-003 0 0000 442390 681066 10 200 20 298 275551  (Zareeietal. 2019)
0115098 0  0.000 70 22101 240 600 40 320 20.1-30.1 (Liuetal. 2019)
0.100 0 0.000 70  60-84 61660 100 20 310 28152  (Zhaoetal. 2011)
0.050 0 0000 21129 45 360 200 20 298  39.2-50.4 (P‘""Sto”zaz'&fg)'ego etal.
0471127 0  0.000 70  127-163 180 100 60 298  32.3-49  (Hungetal. 2013)
0.010 0 0.000 7.2 20 63187 100 40 298 264-41.7  (Luetal. 2015)
0.003-0257 0  0.000 7.0 40 240 600 40 293 22.7-45.1 (Pareand Ghosh 2019)
0.003-0.00 0  0.000 7.0 575 40 290 40 298  40.5-53.8 (Vakilinejad et al. 2021)
0.100 0 0.000 70  60-84 120-901 100 20 298  282-52  (Zhao etal. 2009)
00502 0 0000 2012 29 510 400 24 298 32.8-348 (Okonkwo etal. 2020)
0.010 0 0000 1112 50  350-360 110 50 297  46-51.3 (Lee 2013)
0.100 0 0.000 41 10150 300 150 60 298  42.8-57.4 (Hyungjoon Kim 2016)
0125-15 12 0020  7-7.7 25 180 50 40 298 31.4-42.6 (Mukherjee et al. 2020)
0.100 3 011-0.993 11-10.7 130 60 100 40 298 28.8-39.8  (Wang etal. 2008)
0.100 3 0171-0713 85 138253 60 100 40 298 29.6-389  (Zhuetal. 2008)

F1: Nano-alumina concentration in water (volume percent)

F2: Surfactant type, i.e., no surfactant (0), Polyvinylalcohol (1), Polyvinylpyrrolidone (2), Sodium Dodecylbenzene Sulfonate (3), and Sodium

dodecy! sulfate (4)

F3: Surfactant concentration (weight percent)
F4: pH value

F5: Nano-alumina diameter (nm)

F6: Ultrasonic agitation time (min)

F7: Ultrasonic power (W)

F8: Ultrasonic frequency (kHz)

F9: Temperature (K)

R1: Zeta potential (mV)

frequency, and duration), surfactant information (type and
concentration), and nanoparticle size. It should be
mentioned that the stability regimes of all experimental
datasets belong to either first to fourth classes (i.e., classes 1
to 4), and no dataset is available for excellent stability of
alumina-water nanofluids (i.e., class 5).

The development and validation phases of the artificial
intelligent classifiers have been conducted using this
experimental databank. Then it is possible to rank the
classifiers based on their classification accuracies.

2.3 Artificial intelligent classifiers

Machine learning techniques are among the most
popular methods for damage detection in concrete (Dauji
2020), plates (Saadatmorad et al. 2021) and composites
(Khatir et al. 2019, Khatir et al. 2021, Zenzen et al. 2020),
characterizing composites (Guo and Yang 2020, Wang et al.
2022) and cement-based materials (Al-Musawi et al. 2020,
Jalal et al. 2020, Mazloom et al. 2020, Nguyen et al. 2020).
They also successfully applied to parameter approximation
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(YYousefi et al. 2020, Amidi et al. 2021) purposes, like crack
identification in plates (Khatir et al. 2020), pipelines
(Seguini et al. 2021), and composites (Tran-Ngoc et al.
2021), study movement the landslide (Luo et al. 2020),
flexure stiffness of FGM beams (Madenci and Gulcu 2020),
receding contact issue (Yaylaci et al. 2020), and financial
markets analysis (Charandabi and Kamyar 2021a, b).

In this study, five different intelligent classifiers, i.e.,
deep learning (Yan et al. 2021, Podderet al. 2020),
multilayer perceptron neural network (Daryayehsalameh et
al. 2021, Cao et al. 2021), decision tree (Myles et al. 2004),
GoogleNet (Alizadeh et al. 2021), and multi-output least
squares support vector regression (Moosavi et al. 2021,
Karimi et al. 2021) have been employed to estimate the
stability regimes of alumina-water nanofluids. The two non-
overlapping groups, i.e., training and testing (90:10), are
randomly selected from the collected datasets. Indeed, 311
experimental datasets are devoted to the training group, and
the 34 remaining ones are considered as a testing group.

As its name shows, the first group is responsible for
engaging in the learning phase to help an optimization
technique adjust the hyper-parameters of the considered
classifiers. During the learning phase, all classifiers are
provided with independent variables and the stability
regime of alumina-water nanofluids. On the other hand, the
hyper-parameters of the classifiers are unknown, and an
optimization algorithm adjusts them by minimizing a pre-
defined objective function.

The second group is then employed to evaluate the
classification accuracy of the trained classifier encountering
some unknown situations. More specifically, the trained
classifiers in the testing phase are only allowed to receive
the independent variables. In this way, their accuracy can be
measured using situations that were not seen previously.

Generally, a classifier is finally selected as the best one
differentiating among stability regimes of both training and
testing groups with acceptable accuracy. The classification
accuracy of all considered models in the training and testing
phases is measured and compared, and the most reliable one
is introduced.

3. Results and discussion

As mentioned earlier, the classification accuracy of the
considered machines in the training and testing phases is the
main criterium to choose the best model for differentiating
among stability regimes of the alumina-water nanofluids.
Classification accuracy (CA) and misclassification percent
(MCP) can be calculated using Egs. (1) and (2), respectively
(Vaferi et al. 2016).

Numbers of correct detection
Total numbers of datasets (1)

CA(%)=100x
MCP (%)=100-CA )

3.1 The most reliable classifier

Fig. 2 depicts the ranking order of the considered
artificial intelligent classifiers for deafferenting among

Table 3 Classification accuracy of the considered models
for learning and testing phases

Classification accuracy (%)

Intelligent classifier

Train Test Overall

Deep learning neural networks ~ 76.53  52.94 74.20

Decision tree 2444 26.47 24.64

GoogleNet 63.98 58.82 63.48

Multilayer perceptron neural 8778 7059 86.09
networks

Multi-output least squares support

vector regression 79.10 61.76 77.40

100

I Training stage
90 I Testing stage
[l Overall databank

80 b

70 |

60

50 |

40

Classification accuracy (%)

30

20

Intelligent classifier

Fig. 1 Classification accuracy of the considered models
for learning and testing phases

5

Ranking position

Intelligent classifier
Fig. 2 Results of ranking analysis of classification
accuracy of the considered models (MLPNN is the best
and decision tree is the worst classifier)

stability regimes of the alumina-water nanofluids. As
previously explained, the MLPNN, MLS-SVR, deep
learning neural network, GoogleNet, and decision tree are
the first to fifth accurate classifiers, respectively.

Before here, a combination of the trial-and-error and
ranking anlyses approved that the MLPNN is the most
efficient model to classify the stability regimes of water-
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Independent variables

Nanoparticle

Size (nm)
Concentration (vol%)

Surfactant

Type
Concentration (wWt%)

Ultrasonication

Duration (min)

Power (Watt)
Frequency (KHz)

Solution

Temperature (K)
pH

Alumina-water nanofluid
stability class

MLPNN classifier

Class 1

Very little or no stability

Class 2

Less stability with light
settling

Class 3

Moderate stability

Class 4

Decent stability with
possible settling

Fig. 3 Structure of the developed MLPNN to differentiate among stability regimes of the alumina-water nanofluids

alumina nanofluids. Therefore, it is better to explain the
mathematical and working process of the multilayer
perceptron neural networks (see Appendix).

3.2 Determining structural features of the MLPNN
classifier

The schematic of the developed MLPNN classifier for
differentiating among stability regimes of the alumina-water
nanofluids is given in Fig. 3.

This figure explains that the engineered MLPNN
classifier only needs nanoparticle, surfactant, ultrasonic,
and nano-suspension characteristics to predict the stability
regime of the alumina-water nanofluids. Since none of the
collected databases have a Zeta potential of higher than 45
mV, the MLPNN output is only valid for detecting the first
fourth classes.

3.2.1 Finding the best training algorithm

It was previously stated that an optimization algorithm
uses the training datasets to adjust the hyper-parameters of a
given classifier. Since the learning phase is a central
processing stage for developing any intelligent classifiers,
this section investigates the effect of the optimization
algorithm on the classification accuracy of the MLPNN
model. Table 4 presents the accuracy of the MLPNN
classifiers trained by eleven optimization algorithms in the
training and testing phases. The overall classification
accuracies are also summarized in this table. Table 4 shows
that the Bayesian regularization backpropagation is the best
optimization algorithm for training the MLPNN classifier.
Adjusting the MLPNN parameters using this algorithm
results in the classification accuracy of 88.42% (training
phase), 76.47% (testing phase), and 87.25% (all databank).
On the other hand, both gradient descent and gradient
descent with momentum backpropagation algorithms are
the worst optimization techniques for training the MLPNN

Table 4 Effect of the optimization algorithms on the
classification accuracy of the MLPNN

Classification accuracy (%)

Optimization algorithm

Train Test  Overall

Bayesian regularization
backpropagation
Gradient descent with adaptive
learning rate backpropagation
Conjugate gradient backpropagation
with Powell-Beale restarts
Conjugate gradient backpropagation
with Polak-Ribiére updates
Levenberg-Marquardt backpropagation 87.78 70.59  86.09

Gradient descent with momentum and
adaptive learning rate
Scaled conjugate gradient
backpropagation
Resilient backpropagation 83.28 7059 82.03
One-step secant backpropagation 77.17 7059 76.52

Gradient descent backpropagation ~ 46.30 47.06 46.38

Gradient descent with momentum
backpropagation

88.42 7647 87.25

71.38 70.59 71.30

80.71 6471 79.13

81.03 70.59 80.00

69.45 55.88 68.12

83.92 7647 83.19

46.30 47.06 46.38

classifier. It is worth noting that the structure of the
MLPNN classifier (i.e., 9-9-4) and its output layer
activation function (i.e., logarithm sigmoid) are constant in
this analysis.

3.2.2 The best activation function

It is customary to show the correct class by one and
incorrect ones by zero in the classification study (Vaferi et
al. 2016). Therefore, there are limited numbers of activation
functions that can be placed in the output layer of the
MLPNN classifier. Indeed, only the logarithm sigmoid,
linear, SoftMax, hard-limit, and saturating linear satisfy this
requirement. Therefore, this stage investigates the effect of
the output layer activation function on the MLPNN
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Fig. 4 Effect of output layer transfer function on the
classification accuracy of the MLPNN

Table 5 Effect of output layer transfer function on the
classification accuracy of the MLPNN

Classification accuracy (%)

Output layer transfer function

Training  Testing Whole data
Logarithm sigmoid 88.42 76.47 87.25
Linear 75.56 61.76 74.21
Softmax 90.67 85.29 90.14
Hard limit 24.44 32.354 25.22
Saturating linear 87.78 70.59 86.09

Table 6 A typical confusion matrix for a two-class
classification problem

Estimated
Negative

Positive

Positive | True-positive (TP)
Target

Negative | False-positive (FP)

False-negative (FN)
True-negative (TN)

Table 7 A typical confusion matrix covering a four-class
classification problem

TPclass1 FPclass2 FPclass3 FPclassd |
FNR class 1
TPR class 2
FPclass1 TPclass2 FPclass3  FPclass4 o class 2
FPclass1 FPclass2 TPclass3 FPclass4 | -
FNR class 3
FPclass1 FPclass2 FPclass3 TPclass4 | - "
FNR class 4

PPV class 1 PPV class 2 PPV class 3 PPV class 4 | Overall CA
FDR class 1 FDR class 2 FDR class 3 FDR class 4 Overall MCA

classification success. Fig. 4 illustrates the classification
accuracy of MLPNN-based classifiers equipped with
different activation functions in the training, testing, and all
databases. Although the logarithm sigmoid and SoftMax
activation functions show relatively similar performances,
Table 5 shows that the latter provides the MLPNN with the
best accuracy for estimating the training, testing, and all

databases.

In summary, the MLPNN model (with the 9-9-4
structure and SoftMax activation function in the output
layer) trained by the Bayesian regularization back-
propagation algorithm is the best classifier for identifying
stability regimes of the alumina-water nanofluids. This
intelligent classifier accurately detects more than 90% of
the stability regimes of 345 nanofluid samples.

3.3 Performance evaluation of the MLPNN classifier

Despite the regression study that often relies on
statistical accuracy criteria such as mean square error to
evaluate the performance of a designed model (Jiang et al.
2021), the efficiency of classifiers is often measured using
the confusion matrix (Vaferi et al. 2016). Table 6 shows a
typical confusion matrix for a binary classification problem.

The confusion matrix presents the numbers of true-
positive (TP), true-negative (TN), false-positive (FP), and
false-negative (FN) results of a given classifier.

Then, it is possible to measure a classifier performance
using the true-positive rate (TPR), false-negative rate
(FNR), positive predictive value (PPV), and false discovery
rate (FDR) indices. Eqgs. (3)-(6) present the mathematical
formula of these indices (Alizadeh et al. 2021).

TP
TPR(%)=100
(%)=100x " (3)
FNR(%)=100x N __100-TPr )
TP+FN
TP
PPV (%)=100
(%) =100 55 ©)
FDR(%)=100x FP_ _100-pPV (6)
TP+FP
As mentioned earlier, identifying alumina-water

nanofluid stability regimes is a four-class classification
problem. As Table 7 shows, the confusion matrix often
contains the numbers of true-positive and false-positive
identifications, TPR, FNR, PPV, FDR, overall classification
accuracy, and misclassification percent. It is worth noting
that since TN and FN can be easily calculated from the TP
and FP values, there is no need to present them in the
confusion matrix.

From the classification perspective, it is better to
develop a classifier that allocates high values for both TPR
and PPV indices (as close as possible to 100). It also means
that the classifier assigns small values to both FNR and

FDR criteria (as close as possible to zero). Indeed, the
minimum value for the false-negative and false-positive
indicators is preferred.

Figs. 5-7 present the obtained confusion matrices by the
MLPNN model for the training, testing, and all databases,
respectively. Fig. 5 shows that the MLPNN classifier
presents the TPR and PPV values higher than 90% for all
training classes, excluding the second class. The designed
MLPNN encounters some difficulty in correctly detecting
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93.3% 86.7% 90.5% 93.2% 90.7%

6.7% 13.3% 9.5% 6.8% 9.3%

N 9 k- ™

Target Class

Fig. 5 Confusion matrix of the MLPNN classifier for the
training phase

] 2 0 0 0 100%
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=
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100% 66.7% 85.0% 88.9% 85.3%

0.0% 33.3% 15.0% 1.1% 14.7%

N Q > N

Target Class

Fig. 6 Performance of the MLPNN during the testing
stage

the second stability class. The TPR = 81.3% and PPV =
86.7% have been achieved for classifying the second
stability regime of alumina-water nanofluids. Fig. 5 also
shows that the proposed MLPNN model successfully
detects the correct stability regimes of 90.7% of the training
group (282 out of 311 samples).

The confusion matrix provided by the MLPNN model
for classifying the stability regimes of 34 water-alumina
samples in the testing stage is shown in Fig. 6. Since the
developed MLPNN classifier does not previously see the
testing data, its performance is expected to be weaker than
the training phase. Like the training stage, the MLPNN
model experiences difficulties in correctly distinguishing
the second stability regime of alumina-water nanofluids.

} 30 1 0 0 96.8%
8.7% 0.3% 0.0% 0.0% 3.2%
) 2 54 1 1 79.4%
0.6% 15.7% 3.2% 0.3% 20.6%
]
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8
© 3 0 5 151 5 93.8%
3 0.0% 1.4% 43.8% 1.4% 6.2%
5
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6.3% 14.3% 10.1% 7.3% 9.9%
N q S ™

Target Class

Fig. 7 The efficiency of the MLPNN for differentiation
among stability regimes of the alumina-water nanofluids
(overall datasets)

The MLPNN model accurately detects the first to the fourth
stability regimes with the TPR of 100%, 50%, 94.4%, and
80%, respectively. The total classification accuracy and
misclassification percent of the MLPNN model in the
testing stage is 85.3% and 14.7%.

The confusion matrix for the all database that is a
weighted average of the training and testing phases is
exhibited in Fig. 7. Excluding the second class, the MLPNN
model successfully differentiates among the stability
regimes with a classification accuracy of ~90%. It should be
mentioned that the MLPNN performance for classifying the
second stability regime (i.e., TPR=79.4% and PPV=85.7%)
is also at an acceptable level. Since the MLPNN model
shows the weakest efficiency for identifying the second
class, it is better to highlight this.

The overall classification accuracy and misclassification
percent for 345 water-alumina samples are 90.1% and
9.9%, respectively.

4. Conclusions

The current study looks at the stability regime of water-
alumina nano-suspension as a classification problem. Five
well-known artificial intelligent classifiers have been
applied to detect the stability dependency on the
nanoparticle, suspension, ultrasonic agitation, and surfactant
characteristics. The classification accuracies of the
intelligent models (deep learning and multilayer perceptron
neural networks, decision tree, GoogleNet, and MLS-SVR)
were compared to find the most reliable one. Combining the
ranking analyses and the classification accuracy approved
that the trained MLPNN model (9-9-4 structure and
SoftMax activation function in the output layer) by the
Bayesian regularization backpropagation algorithm is the
best choice for the considered task. The MLPNN model
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with the optimum structure detects the correct stability
regime of more than 90% of 345 water-alumina samples.
Our proposed model can be readily used to determine the
operating conditions that result in a stable alumina-water
nanofluid. This MLPNN classifier not only saves time also
reduces the experimental cost.
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Appendix. Multilayer perceptron neural networks

Acrtificial neuron is the smallest meaningfull part in the
structure of all artificial neural network types. The artificial
neurons are responsible to perform a combination of linear
(LPart) and non-linear (NLPart) mathematical operations as
follows:

LPart =wW&+b (A1)

NLPart = (W€ + b) (A2)

b, w, and i are bias and weight coefficients, and
transfer function, respectively. Artificial neural networks as
their names show are constructed by placing several
artificial neurons (ANN) in some successive layers. Indeed,
the ANN model is nothing than some weights, biases, and
transfer functions. An optimization algorithm adjusts the
weight and bias values of the ANN model during the
training stage.

The multilayer perceptron neural network is often bulit
with two neuronic hidden and output layers. Since the
independent variables constitute an input layer, it has no
processing neurons. The number of hidden neurons is often
found by trial-and-error scenario, while the number of
output neurons equal to the number of dependent variables
or available classes to be estimated.





