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KEYWORDS ABSTRACT

Hybrid nanofluid, Nanoparticles can enhance the thermophysical properties of base fluids, leading to increased
Relative viscosity, efficiency, especially in heat transfer applications. Therefore, achieving optimized thermophysical
Thermal conductivity ratio, properties of nanofluids is of particular importance. In this study, two multilayer feedforward
Artificial neural network, artificial neural networks (ANN) were designed and trained to predict the relative viscosity and
Multi-objective optimization. thermal conductivity ratio of a water-based hybrid nanofluid MWCNT-Y,0s (with a nanoparticle

weight ratio of 80:20). The nanofluid samples studied contained varying volume concentrations
of MWCNT-Y,0; nanoparticles (from 0.01 to 0.2 percent) in the base fluid. Experimental data for
relative viscosity and thermal conductivity ratio at different temperatures (from 25°C to 60°C)
were available. For each ANN designed to estimate either the relative viscosity or the thermal
conductivity ratio outputs, regression plots corresponding to the training, validation, and testing
data sets demonstrated the networks' excellent performance. The mean and maximum relative
percentage errors obtained for the testing data were as follows: for relative viscosity output,
0.5120% mean error and 2.5450% maximum error; for thermal conductivity ratio output, 0.1733%
mean error and 0.2874% maximum error. Moreover, based on the developed model, a multi-
objective optimization problem was formulated to simultaneously determine the minimum relative
viscosity and maximum thermal conductivity ratio of the nanofluid. This problem was solved
using the multi-objective particle swarm optimization (MOPSO) metaheuristic method.
Consequently, the optimal objective function values and input parameters were obtained, and the
Pareto optimal points were graphically illustrated.

Extended Abstract

1. Introduction

ybrid nanofluids are a category of advanced heat transfer fluids created by dispersing two or more
different types of nanoparticles in a base fluid, typically water, ethylene glycol, or oil. By combining
nanoparticles with distinct physical and thermal properties, hybrid nanofluids enhance thermal
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characteristics beyond what is achievable with single-component nanofluids [1]. Key properties of hybrid
nanofluids include viscosity and thermal conductivity, which significantly influence the heat transfer performance
of the fluid and the pumping power requirements. Increased thermal conductivity generally improves heat transfer
efficiency, while high viscosity raises flow resistance and energy consumption [2]. Among the combinations of
nanoparticles, the use of multi-walled carbon nanotubes (MWCNTs) alongside yttrium oxide (Y20s), which are
dispersed in water, has garnered considerable attention due to the high thermal conductivity of MWCNTSs and the
thermal stability and dispersive characteristics of Y-Os. Water continues to be regarded as the preferred base fluid
due to its availability, non-toxicity, and suitable thermophysical properties [3]. Optimizing the properties of hybrid
nanofluids is essential to maximize thermal benefits while minimizing adverse effects such as increased viscosity
or particle aggregation. Artificial neural networks (ANNs) are powerful tools for modeling and predicting the
nonlinear behaviors of nanofluid properties based on experimental or simulated data, enabling precise estimations
of these properties [4]. Multi-objective particle swarm optimization (MOPSO) extends the classical PSO algorithm
to simultaneously optimize conflicting objectives, such as maximizing thermal conductivity and minimizing
viscosity, thereby identifying a set of Pareto-optimal solutions rather than a single optimal answer [5]. Employing
MOPSO alongside ANNs accelerates convergence towards optimal formulations of hybrid nanofluids. Traditional
optimization methods often rely on single-objective frameworks or heuristic parameter tuning, which may be
unable to understand and manage the trade-off between multiple objectives or may become trapped in local optima.
Combined approaches like MOPSO address these limitations by providing global search capabilities and
simultaneous multi-objective optimization, making them particularly suitable for complex engineering problems,
such as optimizing the properties of hybrid nanofluids [6].

In the present study, the modeling and optimization of two rheological and thermal parameters—specifically,
the relative viscosity and the thermal conductivity ratio of a water-based MWCNT-Y-0; hybrid nanofluid (with
an 80:20 nanoparticle weight ratio)—were carried out based on two input parameters: nanofluid temperature and
nanoparticle volume concentration. To achieve this, these two thermophysical properties were first modeled with
high accuracy using the design and training of two two-layer feedforward ANNs, based on experimental data
available in Al-Oran and Lezsovits [3]. Furthermore, the optimization of these properties was performed using the
MOPSO meta-heuristic method, aiming to achieve a set of optimal points (each of which can be selected by
considering a desired degree of importance for each characteristic). The block diagram presented in Figure 1
illustrates the overall modeling and optimization process undertaken in this study. Based on a literature search,
few studies have so far been conducted on the estimation and evolutionary multi-objective optimization of the
thermal and rheological parameters of nanofluids, especially for the specific nanofluid investigated in this research.

Experimental Data

ANN Model

Volume

Temperature Concentration
( MOPSO Optimization )

Optimum Temperature & g ‘ J Minimum Relative
Optimum Volume 4 . Viscosity & Maximum
Concentration Thermal Conductivity Ratio

Figure 1. The overall block diagram for the neural network modeling and evolutionary optimization of the relative viscosity and
thermal conductivity ratio of the water-based MWCNT-Y:0; hybrid nanofluid

2. ANN Structure and Modeling

The ANN employed here is of the feedforward type. A feedforward ANN is one of two broad categories of
ANN:S, characterized by a unidirectional flow of information between its layers. In this type of network, input
information flows from the nodes of the input layer to the nodes of the hidden layers (if present), and then to the
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nodes of the output layer, without forming any cycles or loops [17]. To develop models for estimating the relative
viscosity and thermal conductivity ratio of the water-based MWCNT-Y20s hybrid nanofluid, two two-layer
feedforward ANNs were configured and prepared for data feeding and training using MATLAB software. The
network predicting the nanofluid’s relative viscosity utilized two neurons in its hidden layer, while the network
predicting the nanofluid’s thermal conductivity ratio employed five neurons in its hidden layer. These networks
(Figure 2) are essentially tasked with identifying the relationship between the set of input features (nanofluid
temperature and nanoparticle volume concentration within the fluid) and the target output quantity (nanofluid
relative viscosity or thermal conductivity ratio). For each of the output quantities—relative viscosity and thermal
conductivity ratio—60% of the data was used for training, 20% for training validation, and the remaining 20% for
testing the corresponding network.

Hidden layer Output layer

Volume concentration
Thermal conductivity ratio

Or

Temperature Relative viscosity

Figure 2. The architecture of the two-layer backpropagation neural network for predicting the thermal conductivity ratio and
relative viscosity
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Figure 3. Regression plot of the ANN corresponding to the relative viscosity for each category of training, validation, and test data

An important indicator for determining the training status of the ANN is the regression plots and correlation
coefficient (R) between the actual output data and the target values. These are presented in Figures 3-4 for each of
the trained networks corresponding to the relative viscosity and thermal conductivity ratio outputs of the nanofluid,
respectively. Each of these figures represents the final output values obtained from the corresponding network for
each category of training, validation, and test data (vertical axis) against their respective actual values (horizontal
axis). Based on the index values indicated on each of Figures 3-4, it can be seen that the output values of each of
the ANNSs for each data category have sound accuracy and are sufficiently close to the target values. The correlation
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coefficients for each of the training, validation, and test data categories, as well as for all data, for the ANN
corresponding to the relative viscosity output (as shown in Figure 3) are 0.99995, 0.99983, 0.99995, and 0.99993,
respectively. For the ANN corresponding to the thermal conductivity ratio output (as shown in Figure 4), these
values are 0.99969, 0.99878, 0.99760, and 0.99902, respectively, all of which are very close to the ideal value of
one. This means that the designed neural network models can estimate, with very high accuracy, the relative
viscosity and thermal conductivity ratio of the nanofluid containing different volume concentrations of the
nanoparticles studied in this research at different temperatures.
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Figure 4. Regression plot of the ANN corresponding to the thermal conductivity ratio for each category of training, validation, and
test data

3. Multi-Objective Particle Swarm Optimization (MOPSO)

MOPSO was proposed by Coello et al. [18]. This algorithm is a multi-objective version of PSO that employs
the Pareto dominance technique and grid creation, similar to the Pareto-based selection algorithm, to manage multi-
objective optimization problems. Just like PSO, particles in MOPSO share information and move toward their best
regional particles and personal (local) memory. However, unlike PSO, there is more than one criterion for
determining the best state (regional or local). All non-dominated particles in the main group are collected in a
subset called the repository, and each particle selects its best regional target from among the members of this
repository. To determine the best personal (local) particle, probabilistic and dominance-based rules are used [19].
In this study, conflicting objective functions included relative viscosity and thermal conductivity ratio, and
optimization variables included nanofluid temperature and volume concentration of nanoparticles used in the base
fluid. The values of the objective functions (relative viscosity and thermal conductivity ratio of the nanofluid)
corresponding to the Pareto optimal points obtained at the end of the optimization process, as well as the values of
the problem variables (nanofluid temperature and volume concentration of nanoparticles) corresponding to them,
are presented in Table 1. As can be seen, the optimal values of the volume concentration for the Pareto points are
dispersed in the range of 0.0269 to 0.1097 percent, while the optimal temperature for all these points is
approximately equivalent to 60°C, i.e., the upper limit of the nanofluid temperature range. Also, the minimum
relative viscosity range varies between 1.2720 and 6.9698, and the maximum thermal conductivity ratio range is
very limited and between 1.0809 and 1.1104. In general, the selection of the desired optimal point from among
these points depends on the user’s decision in prioritizing and considering the degree of importance for each of
the objective functions of relative viscosity and thermal conductivity ratio of the nanofluid. It is clear that, based
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on the results obtained, among the Pareto optimal points, increasing the thermal conductivity ratio as much as
possible is associated with a greater increase in relative viscosity, and decreasing the thermal conductivity ratio as
much as possible is associated with a greater decrease in relative viscosity.

Table 1. Optimal values of temperature and volume concentration corresponding to the Pareto points obtained for the minimum
relative viscosity and maximum thermal conductivity ratio of the water-based MWCNT-Y:O; hybrid nanofluid

Optimal point number  Optimum temperature (°C) Oigiﬁﬁr\;ﬂ(ﬁne Mmg?slér;lsirganve Dfsg&a‘:ﬁ@f;gzl
1 60.0 0.1036 5.9324 1.1089
2 60.0 0.0525 1.7090 1.0957
3 60.0 0.0627 2.0659 1.0986
4 60.0 0.0336 1.3447 1.0862
5 60.0 0.0861 3.6567 1.1045
6 60.0 0.0302 1.3047 1.0835
7 60.0 0.0843 3.4838 1.1041
8 60.0 0.0950 4.6710 1.1067
9 60.0 0.0405 1.4452 1.0907
10 60.0 0.0976 5.0324 1.1074
11 60.0 0.0269 1.2720 1.0809
12 60.0 0.0362 1.3781 1.0880
13 60.0 0.1054 6.2229 1.1093
14 60.0 0.1044 6.0514 1.1090
15 60.0 0.0605 1.9781 1.0981
16 60.0 0.0378 1.4010 1.0890
17 60.0 0.0956 4.7515 1.1068
18 60.0 0.0652 2.1790 1.0993
19 60.0 0.0617 2.0245 1.0984
20 60.0 0.1097 6.9698 1.1104
21 60.0 0.0742 2.6824 1.1016
22 60.0 0.0842 3.4758 1.1040
23 60.0 0.0985 5.1516 1.1076
24 60.0 0.0551 1.7860 1.0966
25 60.0 0.0985 5.1572 1.1076
26 60.0 0.0645 2.1449 1.0991
27 60.0 0.0954 4.7287 1.1068
28 60.0 0.0378 1.4013 1.0890
29 60.0 0.0850 3.5501 1.1042
30 60.0 0.0724 2.5674 1.1011
31 60.0 0.0867 3.7242 1.1047
32 60.0 0.0691 2.3783 1.1003
33 60.0 0.0798 3.0957 1.1030
34 60.0 0.0795 3.0680 1.1029
35 60.0 0.0968 4.9085 1.1071
36 60.0 0.0875 3.8023 1.1049
37 60.0 0.0588 1.9136 1.0976
38 60.0 0.0494 1.6268 1.0947
39 60.0 0.0716 2.5222 1.1010
40 60.0 0.0644 2.1403 1.0991

4. Conclusion

This research aimed to develop an accurate model for predicting the thermal conductivity ratio and relative viscosity of
MWCNT-Y:20s water-based hybrid nanofluid, with a specific focus on certain nanoparticle concentrations and temperatures.
To achieve this objective, two-layer feedforward ANNs were designed and trained. Furthermore, to minimize relative viscosity
and maximize the thermal conductivity ratio, ANNs were utilized to identify optimal values for nanoparticle concentration and
fluid temperatures. These optimal values were subsequently determined using the MOPSO algorithm. The selection of any of
the obtained optimal points for implementation and application in industrial environments will be contingent upon the user’s
decision, aligned with the specific industrial requirements. For all Pareto optimal points obtained from the metaheuristic multi-
objective optimization of the relative viscosity and thermal conductivity ratio of the nanofluid, the optimal volume
concentrations of nanoparticles are distributed within the allowed range of 0.0269% to 0.1097%. For all Pareto optimal points
derived from the MOPSO optimization, 60°C was determined as the optimal nanofluid temperature (i.e., the upper limit of the
temperature parameter’s range) to achieve minimum relative viscosity and maximum thermal conductivity ratio.
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