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ABSTRACT

The thermophysical properties of non-Newtonian superparamagnetic nano-refrigerants play a pivotal role in
enhancing the efficiency of advanced cooling and next-generation refrigeration systems. The scope of this study
includes the prediction and optimization of thermal conductivity and viscosity of cobalt ferrite (CoFez204)-based
nanofluids over a range of temperatures and concentrations, targeting practical use in refrigeration system
design. This study introduces a machine learning framework designed to predict and optimize the thermo-
physical properties of cobalt ferrite (CoFe204)-based superparamagnetic nano-refrigerants, with a focus on ap-
plications in refrigeration and heat transfer systems. By leveraging the capabilities of Radial Basis Function
Networks (RBFNSs), particularly a Generalized Regression Neural Network (GRNN), the model captures the re-
lationships between critical input parameters such as temperature and nano-refrigerant concentration and key
thermophysical outputs, including thermal conductivity and viscosity. To further enhance the framework, Par-
ticle Swarm Optimization (PSO) is integrated for inverse modeling, enabling the identification of optimal de-
cision variables that balance thermal performance and magnetocaloric nano-refrigerant flow behavior. Unlike
previous studies that rely primarily on empirical correlations or conventional simulations, this work introduces a
hybrid machine learning-optimization framework that enables both predictive modeling and inverse design of
thermally responsive nanofluids. The results reveal that increasing temperature significantly improves thermal
conductivity, with an increase of 21.13 % at 50 °C, while viscosity rises by up to 61.38 % depending on
nanoparticle loading at 50 °C. The model identifies an optimal mass fraction of ~0.3092 % at 50 °C, which
achieves the best trade-off between heat transfer enhancement and acceptable flow behavior. Importantly, the
proposed framework incorporates physical consistency checks and experimental constraints, ensuring robust and
reliable predictions. These results validate the effectiveness of the integrated framework in addressing the
challenges of thermophysical modeling for advanced cooling fluids. This work not only advances the under-
standing of non-Newtonian superparamagnetic nano-refrigerants but also demonstrates the transformative po-
tential of combining neural networks with optimization techniques for data-driven modeling in refrigeration and
heat transfer applications. The findings offer valuable insights for the development of next-generation cooling
systems with improved efficiency and performance.

1. Introduction

such as engine oil, water, and ethylene glycol have not a substantial
thermal conductivity and heat transfer rate. On the other hand, solid
metals have significant thermal conductivity and heat transfer rate;
therefore, addition of solid metals with nano-dimensions to the con-

One of the most effective parameters on thermal management at
various industries is the working fluid type in a boiling, cooling, heating,
ventilation, evaporation and other process cycle (Qun et al., 2024; Li
et al., 2025; Al-Rbaihat et al., 2023). The conventional working fluids
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ventional base fluids that named nanofluid leads to the thermal con-
ductivity and heat transfer enhancement of the working fluid (Vaferi
et al., 2014). In last decades, researchers have studied the thermal
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Nomenclature

[0N69] Gaussian function

@1 & @2 Constant

h Convection heat transfer coefficient, (W/m?.K)
T Temperature ( °C)

k Thermal conductivity coefficient, (W/m.K)
B Viscosity (mPa.S)

R Regression coefficient

Abbreviation

NPs Nanoparticles

BF Base Fluid

GRNN  Generalized Regression Neural Network
PSO Particle Swarm Optimization

RBFN Radial Basis Function Network

ANN Artificial Neural Network
RSM Response Surface Method
RT Range of temperature

RC Range of concentration
EG Ethylene Glycol

FFNN Feed-Forward Neural Network
p Position

w Water

Greek symbols

p Density, (kg/m%)

@ Mass fraction, ( %)
Subscripts

i Initial

behavior, flow characteristics, CFD methods, and properties of various
types of non-Newtonian and Newtonian fluids (Pourrajab et al., 2021;
Pourrajab et al., 2020; Noghrehabadi et al., 2016). Many simulations
and optimizations have been done to forecast the thermal behavior of
fluids with different applications such as heat exchangers, batteries,
combustion engines, and solar collectors (GAO et al., 2024; Azimy et al.,
2024).

In order to prevent the high cost of experiments, researchers have
taken notably more interest in soft computing techniques such as Arti-
ficial Neural Network (ANN), genetic algorithm, curve fitting, and fuzzy
logic for estimating the thermal conductivity of nanofluids and devel-
oping a model for predicting nanofluids properties and rheological
behavior (Azimy and Saffarian, 2023; DENG et al., 2024; Mandal et al.,
2022; Wen et al., 2021). Here, a quick review of the research on ANN
modeling of nanofluid thermal conductivity and their rheological
behavior is done. Chu et al. (Seawram et al., 2022) compared the results
of rheological behavior of TiO,—MWCNT/5W40 hybrid nanofluid with
regression-based methodologies. The influence of 0.05 %-1 % nano-
particles on the viscosity at 20-50 °C was measured. It was discovered
that the maximum error was <5 % and that the viscosity ratio fore-
casting was satisfactory given that RZ = 0.999. Ruhani et al. (Pourpasha
et al., 2021) proposed a model for rheological behavior of a Newtonian
hybrid nano-refrigerant with concentration of 0.1 %-1.5 % for
Silica/EG-Water at temperature range of 25-50 °C in the shear rate of
24.48 57! to 73.44 s~ The graph indicates that the highest marginal
deviation values are equal to 1.37 % that is acceptable for experimental
correlation. The proportion of viscosity loss from the lowest temperature
to the highest temperature at the highest volume concentration is 89 %.
Yan et al. (Chu et al.,, 2021) studied the rheological behavior of
TiO2—MWCNTs (80-20 Vol %)/Ethylene glycol hybrid nano-refrigerant
at temperature range of 25-55 °C. Based on the results, addition of
nanoparticles has not changed its Newtonian behavior. Also, by
enhancing the particles volume fraction and reducing the temperature,
the dynamic viscosity improved. Safaei et al. (Ruhani et al., 2019)
evaluated the thermal behavior of titanium oxide and zinc oxide nano-
particles in ethylene glycol based fluid utilizing ANN and Curve fitting
and the results compared with experimental data. The outcomes have an
acceptable agreement with ANN results that indicate ANN has capability
to forecast the thermal characteristics of the nanofluid. Also, the ANN
results are more accurate rather curve fitting methodology. Melaibari
et al. (Yan et al., 2020) employed the Response Surface Methodology
(RSM) and ANN to predict the rheological behavior of copper oxide and
graphene oxide nanoparticles dispersed in water and ethylene glycol.
Results indicate that the nano-refrigerant has Newtonian behavior at
0.1, 0.2, and 0.4 % volume fraction, however, in higher volume fraction,
the nano-refrigerant shows non-Newtonian behavior. The comparison
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between both RSM and ANN methods shows that R-squared for RSM and
ANN is 0.944 and 0.995, respectively that prove the superiority of ANN
method. Hemmat Esfe et al. (Safaei et al., 2019) investigated the rheo-
logical behavior of Mg/motor oil nanofluid. The viscosity outcomes
show that all of the samples demonstrate shear-thinning characteristics.
In order to model the experimental findings, the ANN is utilized.
Sepehrnia et al. (Melaibari et al., 2021) optimized and evaluated the
dynamic viscosity and rheological characteristics of SiO3—MWCNT
dispersed in 5W30 engine oil at various volume concentration, shear
rate, and temperature. A three-variable correlation proposed for relative
viscosity of hybrid nanofluid. When using a constant shear rate of 800
rpm, it was found that the dynamic viscosity sensitivity enhances as the
nanofluid concentration and temperature enhances. Hemmat Esfe et al.
(Esfe et al., 2017) investigated the dynamic viscosity of MWCNT-MgO
nanoparticles dispersed in SAE40 engine oil at various temperature,
shear rate, solid volume fraction and validated the results utilizing ANN
with the Levenberg-Marquardt learning algorithm. The findings
demonstrate that the best ANN for predicting viscosity has the least
mean square error (MSE) and the highest regression coefficient R near to
1. Azimy et al. (Sepehrnia et al., 2024) evaluated the thermal charac-
teristics of a heat exchanger including nanofluid under ultrasonic wave
power variation and validated the experimental results with ANN. They
used backpropagation as a training methodology for this network. They
found “trainbr” training algorithm and an ANN with 15 hidden neurons
as a perfect combination for their research.

Sepehrnia et al. (Esfe et al., 2023) investigated the rheological
characteristics of a MoO3-GO-MWCNTs nanoparticles dispersed in
5W30 engine oil at various condition experimentally and using ANN.
Dynamic viscosity was predicted using a three-variable correlation,
which had a respectable level of accuracy (R = 0.9931). Additionally, a
model with an unusually high level of accuracy (R = 0.999709) was
created for calculating the viscosity of the hybrid nano-lubricants by
optimizing the GP-based ANFIS structure. Kamsuwan et al. (Azimy et al.,
2023) forecasted an ANN model for nanofluids behavior in heat
exchanger. Results reveal that in compare with classical models, the
ANN combination can forecast nanofluid behavior and has superior
accuracy. Hatamleh et al. (Sepehrnia et al., 2023) evaluated the
thermos-electrical performance of the solar cooling system’s panel in
presence of nanofluids by utilizing ANN. Based on the results, utilizing
nanofluid instead of typical working fluids improves thermos-electrical
efficiency of the solar cooling system. The solver’s ability to do precise
and accurate computations is demonstrated by the mean square error up
to 10-12 for a hybrid nanofluid flow over a shrinking/stretching surface
in Shoaib et al. (Kamsuwan et al., 2023) research. Unvar et al.
(Hatamleh et al., 2023) experimentally analyzed the power and per-
formance of the solar collector including nanofluid and developed an
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ANN model. Their findings indicate utilizing TiO2 and Al,O3 nanofluid
improve the efficiency and power of the heat pipe solar collector. The
study also revealed that the created ANN model is capable of predicting
efficiency and power values with variation rates under 0.48 %. Table 1
summarizes previous research on various coolant and nanofluids’ ther-
mal conductivity and viscosity.

Numerous studies have been conducted to date to examine the sig-
nificant function and thermal behavior of various nano-refrigerants used
in diverse applications using ANN method (El Jery et al., 2023a,b;
Khosravi et al., 2023; Kim et al., 2021; Kumar et al., 2023; Sun et al.,
2021). In addition, studies on the usage of CoFe;04 colloidal NPs cluster
particles have been conducted experimentally (Abbasian et al., 2024).
However, a comprehensive numerical framework for modeling the
thermophysical properties (thermal conductivity and viscosity) of
CoFe20s-based superparamagnetic nano-refrigerants using ANN has not
yet been reported. In particular, no previous work has addressed the
behavior of these superparamagnetic nanofluids using a machine
learning approach combined with optimization techniques. The main
objective of this study is to develop a predictive and inverse design
model using a Generalized Regression Neural Network and Particle
Swarm Optimization to estimate and optimize key thermophysical pa-
rameters of CoFe204 nano-refrigerants under varying temperatures and
concentrations. The novelty of this work lies in applying a hybrid neural
network—optimization framework to analyze the thermophysical
behavior of superparamagnetic nanofluids and to explore their potential
application in next-generation cooling systems, particularly as magne-
tocaloric working fluids.

2. Materials and methods

The experimental data for thermal conductivity and viscosity were
obtained from the published study by Abbasian et al. (Abbasian et al.,
2024), where full experimental procedures are documented. In that
work, the cobalt ferrite colloidal nanoparticles were synthesized and
dispersed in an ethylene glycol (EG)-water (50:50) coolant base fluid
using a 2-step method at varying mass concentrations: 0.05 %, 0.1 %, 0.2
%, 0.4 %, and 0.8 %. In addition, the nanoparticle mass fraction was
limited to a maximum of 0.8 % to maintain suspension stability, as
higher concentrations have been shown to increase the risk of nano-
particle agglomeration and sedimentation. This value represents an
optimal balance between enhancing thermophysical properties and
ensuring long-term stability, consistent with previous experimental
findings (Abbasian et al., 2024). Initially, the nanoparticles were added
to the base fluid at a specific mass percentage and stirred with a mag-
netic stirrer for sufficient time until a stable colloidal mixture was
achieved. Ultrasonic waves were then applied for 20 min to each sample
to prevent agglomerate and ensure suspension stability of the nano-
particles. To maintain the stability of the magnetocaloric
nano-refrigerant, the experiment was conducted within a temperature
range of 10 to 50 °C. Thermal conductivity and viscosity parameters
were measured in different temperatures and concentrations. So, in this
study the optimization of these thermophysical properties was per-
formed using multi-objective machine learning techniques to balance
the parameters, particularly important in non-Newtonian behavior.

In addition, the input variables used in this study, temperature and
nanoparticle mass fraction, were selected based on both fundamental
physical understanding and extensive literature evidence. Temperature
is known to influence Brownian motion, molecular collisions, and fluid
structure, thereby affecting both thermal conductivity and viscosity.
Similarly, nanoparticle concentration (mass fraction) alters particle—
fluid interactions, clustering, and effective heat transfer pathways.
These two parameters have consistently been identified in prior exper-
imental and modeling studies as dominant factors controlling the ther-
mophysical behavior of nanofluids.
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2.1. The machine learning method

The adoption of Machine Learning (specifically the Generalized
Regression Neural Network, GRNN) and Particle Swarm Optimization
(PSO) in this study was motivated by the nonlinear, multivariable nature
of nano-refrigerant thermophysical properties. Conventional empirical
correlations often struggle to represent the coupled effects of tempera-
ture, concentration, and non-Newtonian behavior. GRNN offers accurate
predictions from limited datasets, while PSO efficiently identifies
optimal trade-offs between thermal conductivity and viscosity, two
properties that often have conflicting design requirements. This com-
bined framework provides a rapid, data-driven decision-making tool for
optimizing next-generation refrigeration systems. To implement the
GRNN component of our framework, we employed a Radial Basis
Function Network (RBFN) structure, which forms the underlying ar-
chitecture of GRNN models. Radial Basis Function Networks (RBFNs)
represent a specialized class of artificial neural network architectures
with applications spanning various machine learning tasks, including
regression and classification. RBFNs derive their name from the utili-
zation of with radial basis functions (RBFs) within their hidden layer,
which distinguish them from conventional feedforward neural net-
works. This feature enables them to model intricate non-linear re-
lationships in data effectively RBFNs comprise three primary layers: an
input layer, a hidden layer with radial basis functions, and an output
layer. The input layer accommodates features, whether continuous or
categorical, typically subjected to normalization. The heart of RBFNs is
in the hidden layer, where each neuron is associated with RBF. The RBF
computes its activation by assessing the Euclidean distance between the
input data and a designated center point. The Gaussian function is the
most frequently employed RBF, offering adaptability via its spread
parameter. The Gaussian function can be defined as follows:

_ x*CHQ}
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o(x) = exp{ €8]
Here, x is the input data vector, c is the center point of the RBF, and ¢
is a parameter that controls the spread or width of the RBF’s response.
The output layer typically consists of a single neuron. The output of the
network is the weighted sum of the activations of the RBF neurons in the
hidden layer. This weighted sum serves as the predicted continuous
output value. The architecture of the RBFN is illustrated in Fig. 1.

Training RBFNs involves the determination of RBF centers and
spread parameters. Various techniques can be employed, such as k-
means clustering or gradient descent, to optimize these parameters with
respect to the training data. This phase is pivotal in enabling RBFNs to
capture the underlying data distribution effectively.

RBFNs find extensive utility across a spectrum of machine learning
tasks. In regression tasks, a single output neuron in the RBFN computes a
weighted sum of hidden layer activations, yielding continuous pre-
dictions. RBFNs have exhibited prowess in function approximation, time
series forecasting, and modeling complex non-linear data relationships.

In this paper, a special type of RBFNs is employed, namely the
Generalized Regression Neural Network (GRNN). The GRNN is a type of
artificial neural network that is primarily used for regression tasks. The
key characteristic of a GRNN is the hidden layer consists of a set of RBF
activation functions. GRNNs are known for their ability to approximate
complex non-linear relationships in data, making them suitable for a
wide range of regression tasks. GRNN offers several advantages over
traditional backpropagation-based networks, including faster training
due to its one-pass learning mechanism, eliminating the need for itera-
tive optimization. Unlike backpropagation networks, which can get
stuck in local minima, GRNN provides a direct solution based on kernel
smoothing, ensuring stable performance. It excels in nonlinear regres-
sion tasks by leveraging smooth interpolation between data points and
handles noisy data effectively due to its averaging nature. Additionally,
GRNN requires fewer hyperparameters to tune compared to deep
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Table 1
A comprehensive synopsis of previous research on the thermal conductivity and viscosity of various nanofluids.
Ref BF NPs RT RC Results
(Shoaib et al., R1123 + R32 refrigerant None (pure 250.64-312.61 K R1123/R32 mass fraction: Viscosity measured in both phases; average
2023) mixture refrigerant mixture) (liquid), 0.428/0.572 (liquid), 0.425/ absolute deviation (AAD) = 3.63 %
323.35-382.88 K 0.575 (vapor) (liquid), 2.45 % (vapor) vs. ECS model;
(vapor) Grunberg-Nissan and Wilke correlations
used with AADs of 1.33 % and 3.69 %,
respectively.
(Unvar et al., R1336mzz(E) (trans- None 313-453 (liquid, Pure refrigerant Thermal conductivity measured using
2023) hexafluoro-2-butene) vapor, supercritical) transient hot-wire method; saturated and
supercritical data modeled; uncertainty:
1.94 %-2.01 %; compared to R1336mzz
(2).
(Mondal R1336mzz(E) None 314-453 (liquid, Pure refrigerant Viscosity measured via tandem capillary
et al., 2020) vapor, supercritical) tubes. AAD vs. ECS model: 5.04 % (liquid),
22.19 % (vapor), 11.88 % (supercritical);
uncertainty: ~2.3 %; correlations for
saturated conditions developed.
(Mondal 3,3,4,4,5,5-HFCPE (1H,2H- None Viscosity: 332-514 K; Pure refrigerant Kinematic viscosity and thermal

etal., 2021)

(D. Mondal
et al., 2022)

(D. Mondal
et al., 2022)

(Ru et al.,
2025)

(Borode et al.,
2024)

(Alqaed et al.,
2024)

(Awua et al.,
2024)

(Momin et al.,
2025)

(Ramadhan
et al., 2023)

(Hasan et al.,
2025)

(Hemmat Esfe
et al., 2024)

(Karakas
et al., 2022)

hexafluorocyclopentene)

Water (80 %) + Ethylene
Glycol (20 %)

Water

Deionized Water

Ethylene Glycol

Water

Ethylene glycol + water
(60:40)

Ethylene glycol + water
(60:40)

Ethylene glycol + water

(80:20)

Ethylene glycol + water

Deionized water

Various (water, EG, oils, etc.)

MWCNT + Al20s
(Hybrid)

GNP + Fe20s (Hybrid)

CeO2-MWCNT
(Hybrid)

Flamboyant Tree Bark
(FTB) bio-NPs

MgO + ZnO +
MWCNT (Ternary)

AlOs + TiO2z + SiO2
(Ternary)

GNP -+ CNC (Hybrid)

CuO

Al0s + ZnO + TiO2
(nanocomposite)

Fes04/TiOz, FesOs/
MgO, Fes04/Zn0O
(Hybrid MHFs)

Metal oxides (e.g.,
Al20s, ZnO, TiO2,
CuO, etc.)

Conductivity: 333-473
K (liquid, vapor)

Not specified (varied)

293-328 K (20-55 °C)

293-323 K (20-50 °C)

293-343 K (20-70 °C)

288-333 K (15-60 °C)

303-343 K (30-70 °C)

303 - 353 K (30-80
°Q)

288 — 323 K (15-50
°Q)

293 - 453 K (20-180
°Q)

283 - 323 K (10-50
°Q)
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Nanoparticle volume fraction
(variable)

Variable GNP:Fe20s ratios

Solid volume fractions
(0.007 < SVF < 0.112 %)

0.2-1.0 vol %

0.10 vol %

0.05 - 0.3 vol %

0.01 - 0.2 vol %

0.3, 0.6, 0.9 vol %

0.3 vol %; HMR: 80:20, 60:40,
40:60

conductivity measured using tandem
capillary tubes and transient hot-wire.
Uncertainty: ~2.2-3.5 %; simple
correlations for saturated conditions
developed.

MLPNN used for viscosity prediction; PSO
yielded highest accuracy (R = 0.99995,
MSE = 0.00105); VF had strongest effect
on viscosity via sensitivity analysis.

ANN and RSM used to model thermal
conductivity, viscosity, and electrical
conductivity; ANN outperformed RSM;
temperature 1 — TC?, ECT, viscosity|;
higher GNP ratio increased TC but lowered
EC and viscosity.

Thermal conductivity measured via hot-
wire; max ThC enhancement at 0.112 %
SVF and 50 °C; ANN model (R? = 0.9918,
max deviation = 0.438 %); longer
sonication improved stability and ThC.
Bio-based nanofluid tested; max viscosity
175 %, pH 126 %, EC 1104 % at 1.0 % and
70 °C; all properties increased with
concentration; viscosity and pH decreased
with T, EC increased with T.

EC 1907.4 %, viscosity 134 %; viscosity |
with temp.; ternary NF outperformed
single NFs in stability and conductivity.
Thermal conductivity 1 9 % at 0.3 vol %.
(70 °C); 4.8 % 1 at 0.05 vol %. (70 °C);
viscosity decreases with temperature;
higher concentration improves heat
transfer

TC 1 with temp.; max stability and UV-Vis
absorbance at 0.1-0.2 %; thermal
resilience onset at 130-150 °C; ANN model
(R? = 99.99 %) predicted TC with high
accuracy

Viscosity modeled via RSM; Quartic model
selected as best fit; optimal viscosity: 8.565
mPa.s at 298.45 K, 0.05 % SVF, 26.66 s
SR

TC, SHC, and viscosity improved with
nanocomposite loading; max TC at 0.9 %
vol; validated via regression analysis and
mathematical models

Max TC 131.28 % for Fes04/Zn0O at 50 °C
(0.793 W/m-K); EC 1972.93 % for Fes04/
TiOz (18 nm); viscosity | with T; best
stability and performance at HMR 80:20
TC 1 depends on T, conc., NP size, shape,
alignment, surfactants, sonication, field
effects; electric/magnetic fields enhance
TC; transient hot wire widely used; green
NFs recommended

(continued on next page)
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Ref BF NPs RT RC Results
(Adogbeji Deionized water Graphene 288- 313 K (15-40°C) 0.1 — 04 vol % At 0.4 %: n 121.74 %, A 117.82 %, ¢
et al., 2025) nanoplatelets (GNP) 1393.36 % at 313 K; ANFIS model (R? >
+ y-Al20s 0.99) predicted p, A, o; optimal
performance at 0.1-0.2 %
(Yasmin et al., R-1132(E) None 233-335 K (liquid), Pure refrigerant Viscosity measured via tandem capillary
2023) 333-373 K (vapor) tube; uncertainty: 2.24 % (liq.), 2.28 %

(Borode et al., Low-GWP refrigerants (7

2023) halogenated alkenes)

(Tran et al., Pure R1243zf; R32 + None 264.1-405.
2025) R1243zf; R32 + R1234yf

(Pierantozzi POE75 oil + R1234yf/ze(E) None 303-348 K
et al., 2023)

(vap.); ECS and modified Residual Entropy
Scaling models accurately predict viscosity
Pure refrigerant Neural network model (5 input features)
trained on 3404 datapoints; AARD = 0.389
%, max deviation = 6.074 %;
outperformed REFPROP 10 and other

correlations
6 K R32 mole fraction: 0.25, 0.50, A measured (liquid + vapor); uncertainty ~
0.75 2 %; ECS model deviation: —14-10 %; RES-

CPA model matched ECS without extra
binary interaction parameters
Refrigerant mole fraction Viscosity | sharply with 1 refrigerant
(variable) solubility; Eyring-MTSM model best fit
(max deviation: 2.57 %-1.87 %); R1234ze
(E) | viscosity more than R1234yf.

Input Layer Hidden Layer Output Layer

Fig. 1. The architecture of the RBFN.

learning models, making it simpler to implement while still maintaining
strong approximation capabilities for continuous functions. These
qualities make GRNN particularly useful in real-time applications and
scenarios where rapid model deployment is essential. The flowchart for
the RBFN is illustrated in Fig. 2.

2.2. The optimization method

Particle Swarm Optimization (PSO) is a computational method for
solving optimization problems inspired by the social behavior of birds
and fish. It involves a group of potential solutions, called particles, that
move through the solution space, each adjusting its position based on its
own experience (i.e., personal best) and the best experience of the
swarm (i.e., global best). By iteratively updating their positions and
velocities according to mathematical formulas, particles explore the
search space collectively, allowing the swarm to converge towards
optimal solutions. PSO is valued for its simplicity, efficiency, and
versatility, making it applicable in various fields.

The PSO Algorithm contains the following Steps:

e Initialization:
o Define the problem and the objective function to optimize.

o Initialize a swarm of particles (i.e., candidate solutions) with
random positions and velocities in the solution space. Each particle
has an initial position and velocity: p;(0) and v;(0)

o Set parameters such as the number of particles, maximum itera-
tions, and coefficients ¢; and c for cognitive and social
components.

Evaluate Fitness:

o Evaluate the fitness of each particle based on the objective func-
tion. The fitness value helps determine the quality of the particle’s
current position.

e Update Personal Best:

o For each particle, compare its current fitness value with its per-
sonal best fitness value:

o If the current fitness is better, update its personal best position:
Dbest,i = Di ifpi < Dbest,i

Update Global Best:

o Identify the best position among all particles, known as the global
best: 8best = AT mini gf Dbest i

Update Velocities and Positions:

o Update the velocity and position of each particle using the
following equations:

Vi(t+ 1) =w. Vi(t) + Cl'rl'(pbesti _pi(t)) + CZ'rZ'(gbest _pi(t)) (2)

pi(t+1) =pi(t) +vi(t+1) 3

o Apply Boundary Conditions:

o Check if the updated position of any particle exceeds the defined
boundaries of the search space. If it does, apply boundary condi-
tions (e.g., reflecting the particle back or resetting it within the
bounds).

Check Stopping Criteria:

o Determine if the algorithm should terminate. This could be based
on criteria such as a maximum number of iterations has been
reached, the improvement in the global best position is below a
certain threshold or a solution within acceptable fitness has been
found.

e Repeat:

o If the stopping criteria are not met, return to step 2 and repeat the
process until termination conditions are satisfied.

In PSO, r; and r, are random coefficients used to introduce stochastic
behavior into the velocity update equations of the particles. Each par-
ticle generates its own r; and ry values at each iteration, meaning the
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Preprocess Data

*Normalize inputs
*Partition into training/validation sets

Initialize RBF Network

Input layer: Temp + Mass fraction
* Hidden layer: Gaussian RBFs
* Output layer: Thermal conductivity/Viscosity

Optimize Spread Parameter

*Use leave-one-out cross-validation
*Minimize MSE between predicted/experimental outputs

Validate Model

*Regression plots
*Error analysis

Fig. 2. The flowchart for the RBFN.

influence of personal and global bests on the particle’s movement can
vary with each update. The random nature introduced by r; and r; en-
sures that particles do not follow a deterministic path. Instead, they
explore the solution space more broadly, which helps avoid local optima
and promotes diversity within the swarm. This randomness allows
particles to explore various areas of the search space, enabling them to
escape from local optima and search for global solutions more effec-
tively. The overall behavior of the PSO algorithm is inherently stochastic
due to the random components. This randomness can lead to different

outcomes in different runs of the algorithm, even with the same initial
conditions and parameters. This variability is a double-edged sword; it
can help in discovering diverse solutions but may also lead to
inconsistency.

In this paper, the parameters c;, ¢, and w are selected by the
adaptive method presented in (Salins et al., 2024), as follows:

a=¢,w (€]

Define Cost Function

PSO Setup:

*Set Swarm size
*Set Adaptive parameters
*Set Boundaries

Iterative Optimization

*For each particle:

* Predict outputs (GRNN)

+ Update personal/global best
*Terminate at convergence
*Find Optimal Solution

Fig. 3. The flowchart for the PSO.
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in which ¢;, ¢4, and k are constants.
The flowchart for the PSO is illustrated in Fig. 3.

3. Results
3.1. The GRNN results

In this section, the results of the GRNN applied to the studied
problem is investigated. The inputs are the temperature and mass frac-
tion of the nano-refrigerant. The outputs are the nano-refrigerant
characteristics, namely the thermal conductivity and viscosity. 30 in-
dependent tests are conducted for dissimilar input pairs, while other
conditions are maintained fixed (Table 2). Although limited studies have
investigated the properties of superparamagnetic nanofluids, existing
research consistently shows that the addition of nanoparticles to a base
fluid generally leads to increases in both thermal conductivity and vis-
cosity (Dehkordi et al., 2023; Eshgarf et al., 2023). For example, Pus-
pitasari et al. (Puspitasari et al.) reported that adding ZnFe:04
nanoparticles to polyester oil (POE) refrigeration lubricant enhanced
thermal conductivity by up to 1.6 %. Similarly, Amani et al. (Amani
etal., 2017) found that at 30 °C, increasing the volumetric concentration
of MnFe20. nanoparticles from 0 to 3 % in water resulted in approxi-
mately a 12 % improvement in thermal conductivity. In the present
study, at the same temperature (30 °C), increasing the mass concen-
tration of CoFe:0. nanoparticles from O to 0.8 % led to a 19.75 %
enhancement in thermal conductivity, confirming the trends reported in
prior studies. In terms of viscosity, Eshgarf et al. (Eshgarf et al., 2023)
demonstrated that increasing the FesO4 nanoparticle concentration from
0 to 0.3 % by mass at 30 °C raised the viscosity by 6.66 %. In compar-
ison, the present study observed an 84.5 % increase in viscosity upon
nanoparticle addition, which supports the expected rheological
behavior of nanofluids containing superparamagnetic particles.

The GRNN-PSO model also identified an optimal nano-refrigerant
mass fraction of approximately 0.3092 % at 50 °C. This result aligns
with the expected nonlinear behavior of magnetocaloric nanofluids,
where thermal conductivity and viscosity are both sensitive to nano-
particle concentration and temperature. At low concentrations, super-
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convection-dominated systems. At 50 °C, the viscosity of the base fluid
decreases while nanoparticle motion increases, supporting enhanced
conductivity up to an optimal limit. The identified optimum reflects this
balance, where the benefits of nanoparticle addition are maximized
before negative rheological effects become dominant.

After the training process, one can create a regression plot for the
training dataset. A regression plot, often referred to as a scatterplot with
a fitted regression line, is a graphical representation used in statistical
analysis to visualize the relationship between two continuous variables.
In this case, the horizontal axis represents the targets, while the vertical
axis represents the numerical output of the GRNN. Each data point in the
plot corresponds to a pair of values from these two variables, creating a
cloud of points scattered across the graph. The key feature of a regres-
sion plot is the fitted regression line that best captures the trend within
the data. This line is determined by the linear regression, which mini-
mizes the sum of squared differences between the observed data points
and the predicted values along the line. The regression plots for the
viscosity and thermal conductivity are shown in Figs. 4 and 5.

The regression value, slope and intercept of the regression line
convey crucial information about the relationship. The regression value
indicates the goodness of fit of the regression model to the data. The

10

GRNN viscosity (mPa.s)

paramagnetic nanoparticles enhance thermal transport due to Brownian 2 3 4 5 6 7 8 9 10

motion, liquid layering, and improved phonon interactions. However, Measured viscosity (mPa.s)

beyond a certain th.reshold, increased viscosity and Particle aggregation Fig. 4. The regression plots for the viscosity.

reduce the effectiveness of heat transfer, particularly in natural

Table 2

The used experimental data as input and output parameters for Radial Basis Function Networks (Abbasian et al., 2024).
Input Parameters Output Parameters Input Parameters Output Parameters
Temperature Mass fraction ( %) Thermal conductivity Viscosity Temperature Mass fraction Thermal conductivity Viscosity
(°0) (W/m.K) (mPa.S) (°0) (%) (W/m.K) (mPa.S)
10 0 0.318 5.45 30 0.20 0.375 3.89
10 0.05 0.349 5.84 30 0.40 0.379 4.06
10 0.10 0.357 6.23 30 0.80 0.388 4. 28
10 0.20 0.362 6.84 40 0 0.331 1.84
10 0.40 0.365 7.01 40 0.05 0.366 1.96
10 0.80 0.37 10.51 40 0.10 0.379 2.01
20 0 0.322 3.89 40 0.20 0.386 2.34
20 0.05 0.354 4.01 40 0.40 0.391 2.45
20 0.10 0.364 4.28 40 0.80 0.399 3.11
20 0.20 0.37 4.34 50 0 0.336 1.45
20 0.40 0.373 4.67 50 0.05 0.372 1.56
20 0.80 0.383 6.62 50 0.10 0.387 1.63
30 0 0.324 2.32 50 0.20 0.395 211
30 0.05 0.358 2.73 50 0.40 0.4 2.21
30 0.10 0.369 2.83 50 0.80 0.407 2.34
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Fig. 5. The regression plots for the thermal conductivity.

slope, and intercept of the regression plot collectively characterize the
relationship between the measured and predicted response. The
regression value, slope and intercept of the regression lines are shown in
Table 3. Based on the results, it can be observed that the GRNN is suc-
cessfully applied to the studied problem, and the measured targets and
numerical outputs are almost identical. For comparison, results of a
conventional Feed-Forward Neural Network (FFNN) with 10 hidden
neurons trained using the Levenberg-Marquardt algorithm is also re-
ported in Table 3. As can be seen, the GRNN obtains better results in
comparison with the FFNN.

To rigorously evaluate the GRNN’s generalizability beyond the
training data, two cross-validation approaches are employed: (1) Leave-
One-Out Cross-Validation (LOOCV), where the model was iteratively
trained on all data points except one (n-1) and tested on the excluded
point, repeated for all 30 experimental cases; and (2) 5-Fold Cross-
Validation, where the dataset was randomly partitioned into five
equal subsets, with each subset serving as the test set while the
remaining four were used for training. These methods comprehensively
assess prediction stability across different data splits, with LOOCV
providing maximal training data utilization (29/30 points per iteration)
and 5-fold validation simulating real-world scenarios with limited data.
The consistency between both methods presented in Table 4 confirms
the model’s robustness against overfitting.

The relative error between the measured targets and outputs pre-
dicted by the GRNN are shown in Figs. 6 and 7 for the viscosity and
thermal conductivity, respectively. As can be seen, the error values are
<8 % for the viscosity, and <1.5 % for the thermal conductivity.

The error histograms are shown in Figs. 8 and 9 for the viscosity and
thermal conductivity, respectively. The error histogram is a graphical
representation that displays the distribution of prediction errors made
by the GRNN model. This histogram provides insights into the perfor-
mance and behavior of the model by visualizing the discrepancies be-
tween the predicted values and the actual target values. As can be seen,

Table 3
The regression value, slope and intercept of the regression lines.
Regression value Slope Intercept
GRNN Viscosity 0.9996 0.9973 0.0098
Thermal conductivity 0.9968 0.9492 0.0108
FFNN Viscosity 0.9783 0.9814 0.0124
Thermal conductivity 0.9752 0.9271 0.0195
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Table 4
Cross-validation performance.

Property LOOCVMSE 5-Fold MSE LOOCVR?>  5-Fold R*

Thermal conductivity
Viscosity

0.012
0.085

0.014
0.092

0.9965
0.9989

0.9958
0.9983

N e [e2] ©

o Viscosity error (%)

© O

Mass fraction (%) 0 Temperature (°C)

Fig. 6. The relative error between the measured targets and outputs predicted
by the GRNN for the viscosity.

Thermal conductivity error (%)

0.2

Mass fraction (%) 0 50 Temperature (°C)

Fig. 7. The relative error between the measured targets and outputs predicted
by the GRNN for the thermal conductivity.
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Fig. 8. The error histogram for the viscosity.
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: . . . 0.2
the error is concentrated around 0, while some outliers can be seen with Mass fraction (%)

higher error values. Therefore, The GRNN has acceptable accuracy for 0 60
the prediction of the viscosity and thermal conductivity.

Finally, one can the trained GRNN models to predict the viscosity
and thermal conductivity for any desired temperature and mass fraction
of the nano-refrigerant in the examined ranges. The results are shown in
Figs. 10 and 11. In these plots, the asterisks show the experimental data,
while the contour is the outputs predicted by the GRNN.

The results demonstrate that the models effectively capture and
represent the underlying relationship between input variables and the
corresponding outputs due to the following reasons:

50
Temperature (°C)

Fig. 11. The thermal conductivity obtained by the GRNN in the exam-
ined range.

o The contours should exhibit consistent patterns and trends that align

with the underlying physical or scientific principles.

The residuals are randomly scattered around zero, indicating that the

model captures the main trends and patterns in the data.

e The fit is not only applicable to the training data but also extends to
unseen data. In dealing with non-trained datasets, the model con-
tinues to provide accurate predictions, and the contours remain
consistent.

e The quantitative metrics, such as regression values and relative
error, indicate acceptable fits.

e It can be seen that there is a close agreement between the model’s
predictions and the actual data points since the contours closely
match the distribution of data points.

e The output contours generated by the model are smooth and
continuous. This indicates that the model is able to interpolate be-
tween data points and provide predictions for input values that were
not explicitly part of the training data.

In summary, it can be seen that the GRNN models accurately
represent the relationship between input variables (i.e., temperature and
mass fraction of the nano-refrigerant) and the observed outputs (i.e., the
thermal conductivity and viscosity). Therefore, the GRNN is a reliable
tool for making predictions, understanding the system, and informing

] decision-making for the studied problem.
-1 10
3.2. The PSO results
19
Once the GRNN models are obtained, one may use the PSO algorithm
1s to find the optimal solutions. To this end, it is necessary to define de-
104 cision parameters, and cost function. In this study, the decision pa-
rameters are temperature and nano-refrigerant mass fraction. Firstly,
E & the decision parameters are employed to estimate the optimal variables,
DE- 64 namely thermal conductivity and viscosity by means of the trained
= GRNN models. Then, the following cost function is used for the opti-
% 44 mization:
2 24 cost = viscosity/10.51 — thermalconductivity/0.4 )
0 The coefficients of 10.51 mPa.S for the viscosity and 0.4 W/m.K for
08 0 the thermal conductivity are selected based on the corresponding

maximum values in Table 2. The cost function was formulated to bal-
ance the competing objectives of maximizing thermal conductivity
while minimizing viscosity, as these properties respectively govern heat
transfer efficiency and pumping power in refrigeration systems. Both

40

0.2 terms were normalized by their maximum experimental values to ensure

mass fraction (%) o temperature (°C) equal weighting, yielding the dimensionless expression. The negative
sign for thermal conductivity explicitly encodes the maximization

Fig. 10. The viscosity obtained by the GRNN in the examined range. objective, while positive viscosity reflects minimization. This
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normalized formulation creates a Pareto-optimal trade-off surface,
where lower cost values indicate superior thermophysical performance.
The approach avoids arbitrary weighting factors and directly correlates
with system efficiency metrics, as evidenced by the optimal solution
achieving both high thermal conductivity and moderate viscosity at
minimal cost.

It is assumed that the temperature and nano-refrigerant mass frac-
tion are within the examined range of Table 2. Therefore, in any
candidate solution, the temperature should be within 10 to 50 °C, and
nano-refrigerant mass fraction is between 0 and 0.8 %.

To minimize the cost function, the PSO with the parameters
described in Table 5 is utilized.

The convergence of the best cost values obtained iteratively by the
PSO algorithm is shown in Fig. 12. As can be seen, the optimal solution is
converged after 15 iterations.

The distribution of the particles of the optimal solution throughout
the space of the output variables and decision parameters are illustrated
in Fig. 13. Also, the minimum cost, the corresponding optimal output
variables, and the corresponding optimum decision parameters ach-
ieved by the PSO are summarized in Table 6. As can be seen, the opti-
mum decision parameters are the temperature of 50 °C, and the mass
fraction of 0.3092 %, which in turn results in the optimal outputs var-
iables of viscosity of 2.183 mPa.S and the thermal conductivity of
0.3997 W/m.K.

The results of this study have direct applicability in the design of
advanced cooling systems. By providing a predictive and optimization
framework for thermal conductivity and viscosity, the GRNN-PSO
approach facilitates the development of tailored non-Newtonian nano-
refrigerants for applications such as vapor compression cycles with low-
GWP fluids, compact heat exchangers, and thermal management of
electronics and batteries. These optimized nanofluids enable improved
heat transfer efficiency while maintaining acceptable flow behavior,
supporting energy-efficient, low-carbon cooling technologies in
HVAC&R systems.

4. Conclusion

The investigation into the rheological properties of non-Newtonian
magneto-nano-refrigerant with CoFeoO4 nanoparticle cluster concen-
trations, employing a Radial Basis Function Network (RBFN) prediction
method, has yielded insightful results. Through the utilization of
Generalized Regression Neural Network (GRNN) models, we have ach-
ieved a comprehensive understanding of the complex relationship be-
tween input variables, such as temperature and nano-refrigerant mass
fraction, and observed outputs, including thermal conductivity and
viscosity. The outcomes of this study are listed as follow:

e The efficacy of GRNN models underscore in capturing and repre-
senting the intricate dynamics inherent in cooling systems. For the
trained datasets, the error values are <8 % for the viscosity, and <1.5
% for the thermal conductivity. For non-trained datasets, the model
continues to provide accurate predictions.

The overall concordance between model predictions and empirical
observations underscores the utility of GRNN as a dependable tool
for prediction, system understanding, and decision support in nano-
refrigerant research. Regression values of 0.99 between the actual

Table 5

The PSO parameters.
parameter value
» 2.05
P25 2.05
k 1
Max. iteration 30
Swarm Size 10
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Table 6
The PSO results.

The minimum The optimal output variables The optimum decision
cost parameters

cost = —0.7915 Viscosity = 2.183 mPa.S
Thermal conductivity = 0.3997

W/m.K

Temperature = 50 °C
Mass fraction = 0.3092 %

output and the model prediction is obtained for both the viscosity

and thermal conductivity.
o This study elucidates the effectiveness of employing GRNN models in
analyzing and predicting the nonlinear rheological properties of
nano-refrigerant, particularly those incorporating CoFe,O4 nano-
particle clusters. By offering insights into the intricate interplay of
variables influencing nano-refrigerant behavior, GRNN facilitates
informed decision-making and holds promise for advancing research
in this domain.
The PSO algorithm is employed to find the combination of the
thermal conductivity and viscosity. Based on the results, the highest
temperature within the examined range of input parameters (i.e., 50
°C) and a moderate nano-refrigerant mass fraction (i.e., 0.3092 %)
results in the optimal solution.
While this study focused on CoFeOs-based nano-refrigerants in an
EG-water mixture, the proposed GRNN-PSO framework can be
generalized to other materials or base fluids by retraining the model
with relevant datasets. The GRNN’s architecture is inherently
adaptable, and its one-pass learning mechanism allows efficient
updates for new systems. Key input parameters may remain broadly
applicable, but material-specific properties may require additional
experimental data. The optimized nanorefrigerant parameters iden-
tified in this study can be applied in real-world refrigeration systems,
particularly in vapor compression cycles, compact heat exchangers,
and next-generation low-GWP cooling technologies. By reducing
thermal resistance while maintaining flow efficiency, these non-
Newtonian nanorefrigerants have the potential to enhance heat
transfer performance with minimal energy penalty. These insights
can support the design of more efficient and environmentally
friendly refrigeration systems by guiding the selection and formu-
lation of advanced refrigerants tailored for specific thermal de-
mands. Future work will explore transfer learning and expanded
feature spaces to enhance generalizability.
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