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A B S T R A C T

This study focuses on enhancing heat and mass transfer in an electronic cooling system such as a rectangular 
cavity that contains equidistant heated chips along the bottom wall. The cavity of the present study is filled with 
ethylene glycol (30:70) based hybrid nano coolants of different volume fractions (ϕ) of Multi-walled Carbon 
Nanotube (MWCNT), Aluminum Oxide (Al2O3), and Copper Oxide (CuO). The set of equations controlling the 
thermo-solutal natural convection within the enclosure is simulated using the Galerkin weighted residual finite 
element method (FEM). The study has shown a good agreement of numerical results with different experimental 
reports within the framework of the present study. A solution space is constructed based on governing param
eters such as Rayleigh number, buoyancy ratio, and Lewis number. A hybrid nano-coolant containing ϕMWCNT =

1.5 %, ϕCuO = 0.5 %, and ϕAl2O3 = 2 % showed a 3.11% improvement in heat transfer rate compared to the base 
fluid, highlighting its potential for thermal management applications. This study also investigates various ma
chine learning models for predicting the heat and mass transfer rate, and an error analysis is conducted on the K- 
Nearest Neighbour Regressor, Random Forest Regressor, Decision Tree Regressor, and ANN model. The ANN 
model with 6-50-100-50-2 architecture showcases the best fit with the mean squared error of 0.8923 and an R2 

value of 99.96 % on testing data. The ANN model exhibits its capability to predict heat transfer and mass transfer 
rates within the error ranges from 1–2 % and 2–3 %, respectively, even at a strong thermal buoyancy force (Ra =
10⁵). This accuracy showcases a novel use of ANN to efficiently predict thermo-fluidic transport behaviors of 
hybrid nanofluids, offering a faster alternative to resource-intensive simulations. The present study opens new 
possibilities for real-time, cost-effective cooling solutions, particularly in microelectronics and renewable energy, 
while maintaining high prediction accuracy by integrating machine learning with the nanotechnology approach.

1. Introduction

Thermo-solutal natural convection (TSNC) is an intriguing study 
area because of its widespread occurrence and significant impact on 
fluid flow and thermal and solutal transfer processes. It is governed by 
thermal and solutal gradients with equal or different strengths of heat 
and mass diffusion processes and is therefore also known as double- 
diffusive natural convection (DDNC). TSNC can lead to complex flow 
patterns and affect heat transfer (HT) rate from the active wall, making it 
an area of ongoing interest for the scientific community. Investigating 
DDNC can yield valuable insights for improving HT efficiency and 

breeding new HT fluids with superior performance for practical appli
cations such as thermal energy storage, solar thermal systems, HVAC 
(heating, ventilation, and air conditioning) systems, and advanced 
cooling technologies [1,2]. In this realm, Costa et al. [3] investigated 
DDNC in enclosures with a parallelogram and moist air inside. The 
analysis focused on the HT and MT performance and how the Rayleigh 
number (Ra), aspect ratio, and inclination angle affect the global Nusselt 
(Nu) and Sherwood numbers (Sh). Teamah et al. [4] studied mixed 
convection (MC) in a rectangular cavity with a driven wall at the top, 
considering the mutual effects of solutal and thermal buoyancy. They 
found that the mass transfer (MT) rate is enhanced when the Lewis 
number (Le) increases, while the HT rate remains comparatively 
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unaffected. Xiao et al. [5] conducted a numerical study of 
double-diffusive MC phenomena surrounding a heated enclosing cylin
der. They discovered that the average Sherwood number (Shavg) grows 
as the Le rises with a constant buoyancy ratio. Xia and Chen [6] studied 
DDNC heating from below in a closed cavity using the direct numerical 
simulation (DNS) method. They found that increasing the Ra enhances 
the convective flow, thereby increasing the average Nusselt number 
(Nuavg) and improving HT efficiency. Moderres et al. [7] studied TSNC 
within an annular region defined by a square outer cylinder and a cir
cular inner cylinder coated with a porous layer. They observed that the 
Nuavg and Sherwood number (Shavg) increase with Le and Ra. Aghighi 
et al. [8] examined the DDNC of a non-Newtonian Casson fluid in a 
square cavity. They revealed that increasing the Le enhances MT 
significantly more than HT, indicating a more significant influence of 
mass diffusivity. Parveen et al. [9] examined the behavior of a 
(Fe3O4/water) ferrofluid within a lid-driven inclined wavy enclosure 
subject to heat generation and absorption. They found that aided ther
mal and solutal buoyancy forces (N > 0) and Richardson number (Ri) 
values enhance HT and MT. Bouras et al. [10] presented the flow of 
DDNC in the annular space between confocal elliptic cylinders filled 
with a Newtonian fluid, finding that higher Ra enhances natural con
vection, increasing HT and MT rates. Within a square cavity, Aghighi 
et al. [11] explored the DDNC of a non-Newtonian Casson fluid and 
observed that higher values of Ra enhance transfer rates. They also 
observed that a decrease in N weakens the flow strength and reduces HT 
and MT rates.

Research has found that the poor thermal conductivity of the base 
fluids being studied, such as ethylene glycol, water, and air, limits the 
potential for enhancing HT. However, using nanofluids has been shown 
to improve the thermal conductivity and HT rate from the active wall. 
An engineered suspension of nanometer-sized particles (diameters 
ranging from 1 to 100 nm) in the host fluid is referred to as nanofluid. In 
this context, nanoparticles with high thermal conductivity, such as 
metals, metal oxides, or carbon [12]. According to experimental studies, 
the effective thermal conductivity of water may be increased by 1.24 
–1.78 times the host medium by including a tiny amount (2.5–7.5 %) of 
Cu-nanoparticles [13]. In certain instances, even 0.3 vol.% 

Cu-nanoparticles loaded into the host medium of ethylene glycol can 
increase effective thermal conductivity by 40 % [14]. Hybrid nanofluids 
(HNF) are an advancement of traditional nanofluids, incorporating two 
or more types of nanoparticles to enhance thermal properties further. 
Furthermore, hybrid nanofluids have shown superior thermal conduc
tivity and HT rates compared to traditional nanofluids. This progress 
was underlined in a study by Armaghani et al. [15], where the use of a 
hybrid nanofluid consisting of Al2O3-Cu/H2O in an L-shaped cavity 
resulted in improved HT performance. Additionally, Hasan et al. [16] 
examined the thermal performance of micro pin-finned heat chips. Their 
study emphasized the enhanced cooling processes by incorporating 
phase change materials. They found that both finned and non-finned 
heat chips with phase change materials outperform conventional 
air-cooling methods.

In a study by Abdullah et al. [17], a numerical model was employed 
to explore HT within PV panels by integrating a heated chip as a cooling 
mechanism. They discovered that using a combination of Al-Cu heat sink 
resulted in a significant temperature decrease of up to 22 ◦C. Selvakumar 
et al. [18] found that at Ra= 103, the Nuavg increased by 25.12 % with a 3 
% volume fraction of Al2O3-Cu/H2O hybrid nanofluid compared to pure 
water. Kadhim et al. [19] revealed that the Darcy number, surface 
waviness, and effective thermal conductivity primarily influence the 
convective flow. They showed that the HT rate increases with higher 
nanoparticle volume fractions, peaking at ϕ= 0.04. Haque et al. [20] 
quantified 2D transient NC HT enhancement using Al2O3-Cu/H2O HNC. 
Notably, at Ra= 105, the uniform temperature boundary exhibits the 
highest Nuavg of 10.04. A 25.12 % increase in the Nuavg is recorded at 
Ra= 103 with a 3 % volume fraction. Elshazlyel et al. [21] investigated 
using nanofluids in solar collectors for enhanced convective HT. 
Experimentation with various nanofluids, including MWCNT, Al2O3, 
and hybrid MWCNT/ Al2O3, shows a 20 % efficiency improvement with 
a hybrid MWCNT/ Al2O3 over Al2O3. Using 0.5 % MWCNT/water 
nanofluid at 3.5 L/m achieves energy and exergy efficiency of 73.5 % 
and 51 %, respectively. Baghbanzad et al. [22] studied HNF made from 
silica nanospheres and MWCNT on heat transfer (HT). They observed 
that MWCNT improved HT by 23.3 %, while silica nanoparticles 
enhanced it by 8.8 % due to the increased thermal conductivity of the 
hybrid nanofluid, resulting in better HT performance and efficiency. 
Baby and Sundara [23] investigated HNF containing 
hydrogen-exfoliated graphene (HEG) and MWCNT and observed an 
enhancement in the convective HT coefficient of about 570 % at a 
nanofluid concentration of 0.005 %.

The transformative capabilities of Artificial Neural Networks (ANN) 
are rapidly permeating various aspects of the modern world within the 
evolving landscape of technology. The demand for multidisciplinary 
research collaboration has become crucial across multiple sectors, 
leading to significant advancements in money management systems, 
healthcare, autonomous vehicles, marketing, NLP (natural language 
processing), cybersecurity, and so on [24]. Moreover, artificial neural 
networks (ANN) have a far-reaching impact, including in fields such as 
fluid dynamics, where they play a critical role in modeling and pre
dicting fluid flow patterns, contributing to the broader spectrum of ad
vancements in today’s modern world. Traditional methods often require 
substantial computational resources and lengthy simulation times for 
numerical simulations of fluid flow problems. In contrast, ANN can serve 
as a valuable alternative or aid in these scenarios. ANNs are recasting HT 
and MT predictions, speeding up simulations, and leading to more 
efficient thermal system designs by identifying complex patterns in large 
datasets. In a study by Seo et al. [25], a detailed investigation of natural 
convection within a long rectangular enclosure containing a heated si
nusoidal cylinder was conducted. Using an ANN model, they examined a 
quantitative assessment of the influence of various parameters on heat 
transfer performance. An optimized ANN was developed by Afrand et al. 
[26] to predict the thermal conductivity ratio (TCR) of magnetic nano
fluids. Comparative analyses revealed differences between the empirical 
correlation and the ANN findings compared to the experimental data, 

Nomenclature

X, Y non-dimensional horizontal and vertical coordinate
U, V non-dimensional velocity along the horizontal and 

vertical directions
dp Diameter of nanoparticle
Ra Rayleigh number
Le Lewis number
Ha Hartman number
Re Reynolds number
N Buoyancy ratio
Nu Nusselt Number
Sh Sherwood number
D Mass diffusivity, m2 s − 1

g acceleration due to gravity, ms− 2

ANN Artificial Neural Network

Greek symbols
ρ density (kgm− 3)
K thermal conductivity (Wm− 2k− 2)
μ viscosity (kgm− 1s− 1)
β coefficient of thermal expansion
Cp specific heat in constant pressure (J.kg− 1.K− 1)
Θ temperature (K)
ϕ nanoparticle volume fraction
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with 5 % and 1.5 % variances, respectively.
An experimental study by Esfe et al. [27] on the 

ZnO-MWCNT/EG-water hybrid nanofluids conducted the development 
of an ANN architecture. Comparisons among the correlation outputs, 
ANN predictions, and experimental TCR demonstrated the accuracy and 
reliability of the ANN in modeling TCR data. Rostami et al. [28] used an 
artificial neural network (ANN) to predict the thermal conductivity of 
SiO2/water-ethylene glycol hybrid nanofluids. The model achieved a 
strong correlation coefficient (R2= 0.9939) and a low mean square error 
(MSE= 2.7547e− 05), highlighting its accuracy in estimating thermal 
conductivity across different conditions. Faridzadeh et al. [29] found 
that the inclination angle and nanoparticle volume fraction significantly 
impact heat transfer, with an ANN model achieving a near-perfect cor
relation (R2= 0.9999) between predicted and actual Nusselt numbers. 
The model’s maximum error was 0.5829, with a mean square error of 
5.37 × 10⁻⁵. They have demonstrated that the ANN model accurately 
predicted cold rolling parameters, achieving average correlation co
efficients of 0.947, 0.924, and 0.943 for training, testing, and validation 
sets, respectively. Xia et al. [30] The mean square error (MSE) for slip 
prediction was 4.2 × 10⁻⁴, confirming the ANN’s reliability in predicting 
rolling force, power, and slip in cold rolling processes. Yang et al. [31] 
used ANN to model thermal conductivity for MWCNTs-titania-Zinc 
oxide hybrid nanofluids at 25 ◦C–50 ◦C with 0.1 %-0.4 % volume frac
tions. Optimized with 26 neurons, the model achieved a maximum ab
solute error of less than 0.018 across 102 data points. Boulechfar et al. 
[32] simulated buoyancy-driven TSNC through a saturated porous me
dium within an elliptical annulus enclosure. They used three prediction 
methods: multi-variable polynomial regression, the group method of 
data handling (GMDH), and ANN to estimate HT and MT rates. The ANN 
method outperformed the others, with R-squared (R2) values exceeding 
0.99 for predicting Nu and Sh. Costa Rocha et al. [33] introduced and 
compared three distinct physics-informed deep learning techniques: 
ConvLSTM, CNN-LSTM, and a novel approach named Fourier Neural 
Operator (FNO). A recent study by Mandal et al. [34] investigated the 
thermo-fluidic transport process within an innovative M-shaped cavity 
filled with hybrid nanofluid and non-Darcian porous medium. The study 
revealed significant findings, including a substantial 61.01 % increase in 
HT rate due to specific geometric parameters such as sidewall inclina
tion and the number and height of triangular undulations. They also 
used ANN to predict results from a prepared dataset. Bouzeffour [35] 
uses ANN to predict HT and MT coefficients in adiabatic liquid desiccant 
systems, building upon data from Varela et al. [36]. Their constructed 
ANN model performed results with R2 values of 0.9344 and 0.9657 and 
MSE values of 9.0032 and 2.0414 for HT and MT coefficients, respec
tively. Employing an ANN architecture, a simplified heat flux model for 
RHC systems was developed by Verma et al. [37]. Their model in
corporates mass flow rate, heat resistance, water temperature, and 
operative temperature to achieve high-accuracy prediction with an MSE 
of 0.00055 and an R2 of 0.9984. The results emphasize the benefit of 
ANN in improving RHC system predictions and promoting 
energy-efficient building designs. In another application regarding the 
computational fluid dynamics (CFD) study, Kargar et al. [38] explored 
the application of the ANN model in cooling analysis. By using ANN in 
conjunction with CFD, the study improves the accuracy of predicting the 
cooling efficiency of electronic components with Cu-water nanofluid. 
Validation against CFD results shows that ANN accurately predicts 
cooling performance with only a 2.2 % maximum error. Recently, Prince 
et al. [39] examined the effects of magnetic field and Re on mixed 
convective HT, MT, and entropy generation in a trapezoidal container 
with two counter-rotating circular cylinders. They developed an ANN 
architecture, allowing them to predict various HT and fluid flow char
acteristics accurately. In the study of Esfe et al. [40], they found that the 
viscosity of the MWCNT–Al₂O₃/oil SAE40 hybrid nanofluid increased by 
about 35 % at 1 wt% nanoparticle concentration compared to the base 
fluid. The artificial neural network model showed excellent accuracy in 
predicting viscosity, with an R2 value of 0.9992, demonstrating strong 

alignment between experimental and predicted data. Another study by 
Esfe et al. [41] used ANNs to predict the dynamic viscosity of 
MWCNT-Al2O3 (40:60)/Oil 5W50 hybrid nanofluid, showing high ac
curacy with errors below 2.6 %. Viscosity was highest below 5◦C and 
decreased with increasing shear rates.

From the above literature review, it concludes that there exist no 
studies examining the evolution of the HT performance within the 
enclosure by switching the convective medium from mono-coolant to 
hybrid-coolant while considering the impact of buoyancy strength, the 
dominance of thermal buoyancy over solutal buoyancy diffusivity 
strength and thermal diffusivity compared to solutal diffusivity. More 
importantly, this study incorporates Finite Element Method (FEM), 
Machine Learning (ML) models, and Artificial Neural Networks (ANN) 
architecture to explore the thermal and solutal transport resulting from 
multiple heated chips within an enclosure, this study seeks to assess the 
predictive capability using K-Nearest Neighbors (KNN), Random Forest 
Regressor, Decision Tree Regressor algorithms, and an ANN model. This 
study introduces a novel approach that integrates high-fidelity FEM 
simulations with the efficient predictive capabilities of the ANN model. 
By developing an ANN architecture based on FEM data encompassing 
various values of Rayleigh number (Ra), buoyancy ratio (N), volume 
fraction (ϕ) nanoparticles, and Lewis number (Le), this study aims to 
create a robust tool for rapid and accurate prediction of thermal and 
solutal exchange rates in complex systems. This approach holds the 
potential to significantly impact thermal management in microfluidics, 
electronics cooling, and other applications involving nanofluids and 
heated chipsets within a confined environment. This study lays the 
groundwork for developing advanced thermal management solutions 
that can enhance performance and efficiency in thermo-fluidic transport 
systems by establishing an effective prediction tool. The outcome of the 
present study will eventually help design better cooling systems and 
show how combining nanotechnology with a machine-learning 
approach can advance research in thermal management systems.

The structure of the article is designed to thoroughly analyze the 
problem and the methodologies employed to solve it. The next section 
begins with introducing the physical model, along with the governing 
equations and thermophysical properties that influence the thermos- 
solutal transport within the enclosure with multiple heated chips. 
Dimensionless heat and mass transfer rates are also discussed in this 
section. The following section discusses various Machine Learning (ML) 
Models and outlines their techniques for modeling, including K-Nearest 
Neighbors (KNN) Regressor, Decision Tree Regressor, Random Forest 
Regressor, and Artificial Neural Network (ANN), all of which are per
formed to predict thermos-solutal transport feature. In the next section, 
key metrics such as MSE, MAE, RMSE, and R2 are used to assess the 
accuracy of the ML models. The Numerical Method and Code Validation 
section elaborates on the numerical procedure for CFD simulation, 
including the grid independence test and the code validation process. 
The core findings are presented in the Results and Discussion section, 
where the impact of critical parameters like convective buoyancy Force 
(Ra), buoyancy ratio (N), and Lewis number (Le) on thermal and solutal 
exchange rates is analyzed, alongside the development and performance 
of the ANN model. Finally, the cost-effectiveness of the ANN model is 
compared with traditional finite element method (FEM) simulations 
before concluding the paper.

2. Formulation of the problem

2.1. Physical model

The current study examines the natural convection (NC) phenomena 
within a rectangular enclosure containing three heated chips positioned 
on the bottom plane, as illustrated in Fig. 1. The enclosure has a vertical 
dimension labeled as H and a length of L= 8H. The chips are uniform in 
size, with a width of d= 0.45H along the x-direction and a height of h=
0.1H along the y-direction. It is important to note that the spacing 
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between the chips may vary in different scenarios. Specifically, the chips 
are separated by a distance of L1= 2.367H. Furthermore, the separation 
between the first and last chips with the adjacent cold walls on both the 
left and right sides remains constant at L2= 0.958H.

This study investigates a base fluid comprising 30 % water and 70 % 
ethylene glycol (EG). The research focuses on nano-coolants, specifically 
studying two types: mono nano-coolants (MNC) and hybrid nano- 
coolants (HNC). The MNC subset includes Multi-walled carbon nano
tubes (MWCNT)− EG, Aluminium Oxide (Al2O3)-EG, and Copper Oxide 
(CuO)− EG. The HNC subset consists of MWCNT- Al2O3-CuO-EG with a 
volume fraction of ϕ= 4 %. Various proportions of MWCNT, Al2O3, and 
CuO nanoparticles are incorporated into the base fluid EG to create 
different HNC variants. Table 1 presents detailed information about 
these distinct fluids. A constant volume fraction of ϕ=4 % is maintained 
for all mono and hybrid nano-coolants. Moreover, different controlling 
factors (features) such as Ra (103 ≤ Ra ≤ 105), N (0 ≤ N ≤ 4), and Le (1 ≤
Le ≤ 10) are adjusted to generate the dataset used for constructing the 
ANN model architecture. An Artificial Neural Network (ANN) model is 
trained using numerical simulation data from the MNC and HNC sets 
and is tested using HNC 04 to assess its performance.

2.2. Governing equations

The system of the present study is described using thermal energy 
and concentration equations, as well as two-dimensional Navier-Stokes 
equations. We are considering the properties of the nano-coolants and 
treating the operational fluid as laminar, incompressible, and Newto
nian. In addition, we estimate the buoyancy force using Boussinesq 
approximations, which consider density variations that occur only due 
to thermal and solutal gradients. The nanofluid model has been 
considered single-phase homogeneous with a low weight percentage(ϕ 
≤ 4 %) of nano-constituents suspended in the host medium. The non- 
dimensional governing equations for our investigation are derived 
based on the conservation of mass, momentum, energy, and solutal 
[39–43]. 

∂U
∂X

+
∂V
∂Y

= 0 (1) 

ρHNC

ρf

[
∂U
∂t

+U
∂U
∂X

+V
∂U
∂Y

]

= −
∂P
∂X

+
μHNC

μf
Pr
[

∂2U
∂X2 +

∂2U
∂Y2

]

(2) 

ρHNC

ρf

[
∂V
∂t

+U
∂V
∂X

+V
∂V
∂Y

]

= −
∂P
∂Y

+
μHNC

μf
Pr
[

∂2V
∂X2 +

∂2V
∂Y2

]

+
(ρβ)HNC

(ρβ)f
Ra .Pr(Θ+NC) (3) 

(
ρCp
)

HNC(
ρCp
)

f

[
∂Θ
∂t

+U
∂Θ
∂X

+V
∂Θ
∂Y

]

=
∂

∂X

(
kHNC

kf

∂Θ
∂X

)

+
∂

∂Y

(
kHNC

kf

∂Θ
∂Y

)

(4) 

∂C
∂t

+ U
∂C
∂X

+ V
∂C
∂Y

=
1
Le

(
∂2C
∂X2 +

∂2C
∂Y2

)

(5) 

The following dimensionless parameters have been utilized to obtain 
the non-dimensional Eqs. (1)–(5) from their corresponding dimensional 
equations [42,43]. 

X =
x
H
,Y =

y
H
,U =

uL
αf
,V =

vL
αf
,Ra =

gΔTH3βf ρf

αf μf
,Pr =

μf
(
Cp
)

f

kf
(6) 

P =
pH2

ρf αf
2,Θ =

T − Tc

TH − Tc
,C =

c − cl

ch − cl
, Le =

αf

D
, αf =

kf
(
ρCp
)

f

(7) 

The non-dimensional boundary conditions for each wall, specifying 
thermal, concentration, and velocity conditions, are presented in 
Table 2.

2.3. Thermophysical properties

The thermophysical properties of Al2O3, CuO, MWCNT, and the base 
fluid (EG) are listed in Table 3 by Mourad et al. [44], Acharya et al. [45], 
and Masuda et al. [46]. It is to be noted that the empirical correlation 
regarding the thermophysical properties of the choice of HNF is un
available in the literature. Therefore, the present study considers the 
widely accepted empirical correlations for thermal conductivity and 
dynamic viscosity developed by Corcione et al. [47] through a regres
sion analysis based on a wide range of experimental data (14 sets from 
10 independent research groups) relevant to water or ethylene 
glycol-based nanofluids with particle diameters ranging from 10nm to 
150nm, nanoparticle volume fraction in the range from 2–9 %, and 
temperature in the range between 294–324 K. Based on this model the 
dynamic viscosity and temperature-dependent thermal conductivity for 
the HNF of interest are defined in the present study. It’s worth noting 
that the subscripts "hnc", "f", "p1", "p2", and "p3" are used throughout the 
study to represent the appropriate thermophysical properties of the 

Fig. 1. Physical domain and boundary conditions.

Table 1 
Various nano-coolants with different weight percentages of nanoparticles result 
in different HT mediums.

Working fluids ϕMWCNT ϕAl2O3 ϕCuO EG (30:70)

MWCNT-EG 4 % 0 % 0 % 96 %
CuO-EG 0 % 0 % 4 % 96 %
Al2O3-EG 0 % 4 % 0 % 96 %
HNC 01 2 % 1.5 % 0.5 % 96 %
HNC 02 0.5 % 2 % 1.5 % 96 %
HNC 03 1.5 % 0.5 % 2 % 96 %
HNC 04 0 % 1.33 % 2.67 % 96 %

Table 2 
Boundary conditions in dimensionless form.

Boundary walls Thermal 
condition

Concentration 
condition

Velocity 
condition

Top wall & Bottom 
wall 
(Excluding heated 
chips)

∂Θ
∂Y

= 0
∂C
∂Y

= 0 U = V = 0

Right & left walls Θ = 0 C = 0
Chips wall Θ = 1 C = 1
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HNF, base fluid, MWCNT, Al2O3, and CuO, respectively. The effective 
mass density, specific heat at constant pressure, and the coefficient of 
thermal expansion are calculated using the mixing theory. These re
lationships are mathematically formulated in the following form [48] 

ϕ = ϕp1 + ϕp2 + ϕp3 (8) 

ρHNC = ϕp1ρp1 + ϕp2ρp2 + ϕp3ρp3 + (1 − ϕ)ρf (9) 

(
ρCp
)

HNC = ϕp1ρp1Cpp1 + ϕp2ρp2Cpp2 + ϕp3ρp3Cpp3 + (1 − ϕ)ρf Cpf (10) 

(ρβT)HNC = ϕp1(ρβT)p1 + ϕp2(ρβT)p2 + ϕp3(ρβT)p3 + (1 − ϕ)(ρβT)f (11) 

μHNC

μf
=

1
1 − 34.84

(
df
)0.3dhp

where df = 0.1
(

6M
NAπρf

)1
3

(12) 

kHNC

kf
= 1 + 4.4

(
2ρf kbT
πμf dhp

)0.4

Pr0.66
f

(
T
Tfr

)10(
kf
)− 0.03khp (13) 

where M = 31.23 g/mol is the molecular weight of the base fluids, NA 
=6.022 × 10− 23 mol− 1 denotes the Avogadro number, kb = 1.380648 ×
10− 23 J/K represents the Bolzmann number, Tfr (= 257 K) is the freezing 
temperature of the host medium, and dhp, khp are defined as follows 

dhp =
(
dp1
)− 0.3( ϕp1

)1.03
+
(
dp2
)− 0.3( ϕp2

)1.03
+
(
dp3
)− 0.3( ϕp3

)1.03 

khp =
(
kp1
)0.03( ϕp1

)0.66
+
(
kp2
)0.03( ϕp2

)0.66
+
(
kp3
)0.03( ϕp3

)0.66 

The associated thermophysical quantity required for the above Eqs. 
(8)–(13) are listed in Table 3.

2.4. Dimensionless heat and mass transfer rate

The average of the Nusselt number (Nuavg) and the Sherwood number 
(Shavg), which are non-dimensional quantities for the average HT and 
MT rate, respectively, from a heated chip and provided by the following 
formulas, 

Nuavg =
kHNC

kf

[

−
1
lw

∫ ∂Θ
∂n

dl
]

, Shavg =
1
lw

∫ ∂C
∂n

dl (14) 

where the integration is evaluated over the wall of a heated chip of 
heated length lw, and n denotes the direction of heat transfer normal to 
the heated wall. The total HT and MT rate from all three heated chips is 
evaluated by 

Total Nuavg =
∑3

i=1
Nuavg ,Total Shavg =

∑3

i=1
Shavg (15) 

3. Machine learning models (MLM)

The following sections discuss several regression models for machine 
learning approaches such as K-Nearest Neighbors (KNN), Random Forest 
Regressor, Decision Tree Regressor, and ANN model.

3.1. K-nearest neighbors (KNN) regressor

The K-Nearest Neighbors (KNN) can be used as a regressor by pre
dicting the value of a target variable as the average of the k-closest 
points in the dataset [49]. In heat and mass transfer prediction, KNN is 
chosen because it’s a non-parametric model that handles complex, 
nonlinear relationships between variables effectively, unlike traditional 
linear regression. This makes it particularly useful in scenarios where 
the physical processes, like convection or diffusion, do not follow simple 
linear patterns, providing more accurate predictions.

3.2. Decision tree regressor

A Decision Tree Regressor works by splitting the data into smaller 
subsets based on feature values, creating a tree structure to predict 
continuous variables. It is beneficial for predicting heat and mass 
transfer because it can model both linear and nonlinear relationships 
without needing complex data preprocessing [50]. Decision Trees effi
ciently handle large datasets and construct interactions between multi
ple parameters, making them an ideal choice when dealing with the 
intricate physics of thermal processes.

3.3. Random forest regressor

The Random Forest Regressor is a powerful machine-learning model 
that combines multiple decision trees to improve prediction accuracy. 
By averaging the outputs of these trees, it reduces overfitting and cap
tures complex patterns in data. It’s advantageous in predicting non- 
linear relationships, like heat and mass transfer [51]. Because it han
dles large datasets efficiently, deals well with noisy data, and offers 
robust performance across varied input features. This versatility makes 
it a popular choice for applications where multiple variables interact 
dynamically.

3.4. Artificial neural network (ANN)

The human brain is a complex network of interconnected specialized 
cells and neurons that are responsible for processing and transmitting 
information. Analogously, artificial neural networks (ANNs) are a 
powerful tool in machine learning, designed to mimic the learning 
process of the human brain. Over time, ANNs have become widely 
recognized as an effective predictive method, often serving as a com
plement or even an alternative to complex computational procedures. 
Their ability to adapt to complex functions and diverse datasets has led 
to their increased prominence. ANNs can take on various forms 
depending on the approach and data. This study considers the super
vised ANN modeling to predict T. Nuavg and T. Shavg within the examined 
mechanism. The development, training, and post-processing of the ANN 
model utilized Python’s Keras and Scikit-Learn libraries. Prior to the 
training phase, the input dataset underwent scaling using the Min
MaxScaler from the Scikit-Learn library. The optimization process 
involved using the Adam optimizer, a fusion of two gradient descent 
techniques: Momentum and RMSP. It effectively adjusts the weights (w) 
and biases (b) to enhance model performance. The hidden layers use the 
Rectified Linear Unit (ReLU) activation function, which operates as 
follows: 

RELU(Y) = max(0,Y) (16) 

with inputs xi (i= 1, 2, 3, 4,… n, where n is the number of features), the 
weight factor wij is applied, and part of the original signal is delivered to 
the network. When every input added together equals yj, then 

yj = Σn
i xiwij + bj (17) 

The bias bj can be used to modify the inputs. The following formulas 
are used by the Adam optimizer to update weights during each iteration: 

Table 3 
Thermo-physical properties of the base fluid and nanoparticles [44–46]

Properties EG (30:70) MWCNT Al2O3 CuO

Cp (J/kg.K) 3720.5 711 773 383
k (W/m.k) 0.48547 3000 36 400
ρ (kg/m3) 1036.6 2100 3880 8954
μ (kg/m.s) 0.0020375 – – –
βT (1/K) 9.19 × 10− 4 4.2×10− 5 0.85×10− 5 1.67×10− 5
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mt = β1mt− 1 + (1 − β1)

[
∂L
∂wt

]

(18) 

vt = β2vt− 1 + (1 − β2)

[
∂L
∂wt

]2

(19) 

m =
mt

1 − βt
1

(20) 

v =
vt

1 − βt
2

(21) 

wt− 1 = wt + α

⎛

⎜
⎝

m
̅̅̅̅vt

√
+ ϵ

⎞

⎟
⎠ (22) 

Here,
wt: weights at time t. ∂L: derivative of Loss Function.
wt − 1: weights at time t+1. ∂wt: derivative of weights at time t.
αt: earning rate at time t. ε: a small positive constant.
vt: sum of the square of past gradients. β1 & β2: decay rates of average gradients.

4. Performance metrics

Prior to delving into the approach of artificial neural network (ANN) 
in our current study, we thoroughly analyzed several machine learning 
models (MLM) to ensure that the selected model could accurately pre
dict the T. Nuavg and T. Shavg. To evaluate the model selection, we chose 
four error metrics: Mean Square Error (MSE), Mean Average Error 
(MAE), Root Mean Square Error (RMSE), and R2.

4.1. Mean squared error (MSE)

The quantity Mean Squared Error (MSE) measures the average 
squared difference between the predicted values and the true values, 
calculated by 

MSE =
1
n
∑n

i=1
(yi − ŷi)

2 (23) 

where yI, ŷ I , n represents the true value, predicted value, and the 
number of observations. MSE penalizes more significant errors than 
smaller ones due to the squaring of the residuals, making it particularly 
sensitive to outliers.

4.2. Mean absolute error (MAE)

Mean Absolute Error (MAE) quantifies the average of the magnitude 
differences between the predicted and true values, defined by 

MAE =
1
n
∑n

i=1
|yi − ŷi | (24) 

MAE offers a simple way to measure error by averaging the absolute 
differences, making it less sensitive to outliers compared to MSE. It is 
helpful for understanding the average size of errors in predictions.

4.3. Root mean squared error (RMSE)

Root Mean Squared Error (RMSE) is the square root of the MSE and is 
given by: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(25) 

RMSE has the same units as the original data, making it easier to 
interpret in the context of the specific problem. Like MSE, RMSE is 
sensitive to significant errors, as the squaring of errors accentuates them 

before taking the square root.

4.4. R-squared (R2)

R-squared (R2) is a statistical measure representing the proportion of 
the variance in the dependent variable that can be predicted from the 
independent variables, calculated by: 

R2 = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (26) 

where y denotes the mean of the actual values. R2ranges from 0 to 1, 
where a value closer to 1 indicates a model that explains a large pro
portion of the variance, and a value closer to 0 indicates a model that 
explains little of the variance. It is a commonly used metric to assess the 
goodness-of-fit of regression models.

5. Numerical method and code validation

5.1. Numerical procedure

To solve the dimensionless governing equations (Eqs. 1–5), we use 
the finite element method (FEM). The non-dimensional boundary con
ditions specified in Table 2 are taken into account. We discretize the 
computational domain using an unstructured triangular mesh and a set 
of finite elements, as shown in Fig. 2. We rigorously set the convergence 
criteria for the numerical simulation at 10− 6 to ensure accuracy and 
solution stability. This robust method captures complex system in
teractions and provides accurate solutions for the studied phenomena.

The study procedure is depicted in Fig. 3, where the Computational 
Fluid Dynamics (CFD) simulation produces a dataset, which is then 
divided into train and test datasets. Subsequently, an Artificial Neural 
Network (ANN) architecture is designed, trained on the specified data
set, and evaluated using a validation dataset. The result is compared 
with other models, and the best-performing ANN model converges to an 
optimal configuration to effectively predict the test dataset. This itera
tive process ensures the development of a refined and reliable model 
that can comprehend and predict the intricacies of the studied system.

5.2. Grid independent test

The current study uses a grid independence test to achieve the best 
results with minimal computing effort and cost. The test uses MWCNT- 
EG and HNC01 as the working fluid for Ra= 105, N= 4, and Le= 1. 
According to Table 4, the optimal number of mesh elements has been 
found to be 11,751, as further increasing the element counts exhibits 
minimal effect on the T. Nuavg results. This study’s findings provide 
valuable insights into the optimal number of elements required to pro
duce accurate and reliable results for HT and MT characteristics. This 
information has the potential to reduce computation times and save 
computing resources while still producing dependable results.

5.3. Code validation

The code validation of the present numerical study starts by 
comparing the streamlined visualization with the experimental obser
vation of the natural convection of binary gases due to horizontal 
thermal and solutal gradients within a square cavity [52]. The results 
show an excellent agreement by reproducing the experimental obser
vations for Ra = 5.02 × 105, N = 0.55 as seen in Fig. 4. Another 
experimental validation, as illustrated in Fig 5, is conducted for the heat 
transfer study within a square cavity with a single heated chip mounted 
from the bottom wall. Results show that the visualization of isotherms is 
in excellent agreement with the experimental double-exposure inter
ferogram [53] for the case of Ra = 1.02 × 105, and the chip height is h =
0.25H. In Fig. 6(a), we can compare our current research results and 
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those of Rahim et al. [54] regarding the total average Nusselt number 
across three heated blocks. Our numerical results resemble the findings 
of Rahim et al. [54], indicating a solid agreement in portraying heat 
transfer characteristics. This concurrence provides compelling evidence 
for the precision and dependability of our numerical approach in 
capturing the complexities of heat transfer phenomena. A verification 
process was conducted to ensure the reliability and accuracy of our 
numerical simulations concerning nanofluids, as depicted in Fig. 4(b). 
This verification entailed comparing our simulated results with the 
experimental data provided by Ho et al. [55], as well as the numerical 
results reported by Sheremet et al. [56] and Motlagh and Soltanipour 

[57], specifically for Al2O3-H2O nanofluids with a 3 % volume fraction. 
The presented results demonstrate excellent agreement with the exper
imental observations and show consistency with the other set of nu
merical results. Additionally, Table 5 presents the results of a 
double-diffusive convective flow, previously studied by Sezai and 
Mohamad [58] and verified by Nag et al. [42]. This comparison provides 
further evidence for the reliability of simulating the double-diffusive 
convective flow in our study, where Ra ranges from 102 to 105, and 
double-diffusive parameters are kept constant.

6. Results and discussions

The primary objective of this study is to investigate the intricate 
dynamics of double-diffusive natural convective (DDNC) flow using 
nano-coolants as heat transfer (HT) medium in a rectangular domain 
containing three evenly spaced heated chips along the bottom wall. The 
nano-coolants consist of various weight percentage combinations of 
MWCNT, Al2O3, and CuO nanoparticles suspended in the base fluid EG 
(30:70), resulting in different hybrid nano-coolants (HNCs) strategically 
incorporated as the simulated working fluid. Extensive numerical sim
ulations are carried out to generate a comprehensive dataset, allowing 
for the meticulous observation of the impact of critical parameters such 
as Ra (103 ≤ Ra ≤ 105), N (0 ≤ N ≤ 4), and Le (1 ≤ Le ≤ 10) on the 

Fig. 2. Mesh configuration for the computational study.

Fig. 3. Flow chart of the CFD simulation and ANN development.

Table 4 
Grid Independent test on MNC (MWCNT-EG) and HNC01.

No. of elements Total Nuavg

MWCNT-EG HNC01

1,703 59.16 61.05
2,636 62.17 64.22
4,196 63.93 65.93
7,758 65.59 67.64
11,751 66.36 68.41
14,239 66.46 68.55
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double-diffusive NC flow. These simulations serve as the foundation for 
understanding the nuanced behaviors of the HNC medium in response to 
varying volume fractions (ϕ=0 - 0.04) under diverse conditions. To 
capture the complexity of the system, an advanced ANN model is 
trained, leveraging various combinations of MWCNT, Al2O3, and CuO 

volume fractions within the hybrid nano-coolant. This technique enables 
the model to comprehend and predict the intricate interactions within 
the simulated fluid. The trained ANN model is also used to predict 
simulation outcomes, offering a computational shortcut for evaluating 
the system’s response to varying parameters. The results are 

Fig. 4. Validation of streamlined visualization for the thermo-solutal natural convection for binary gases reported by Weaver and Viskanta [52] and the present 
results for Ra = 5.02 × 105, N = 0.55.

Fig. 5. Validation of isothermal distribution between the experimental double-exposure interferogram [53] and the present results within a square cavity with a 
single heated chip for Ra = 5.02 × 105 and h = 0.25H.

Fig. 6. (a) Validation of Nuavg with Rahim et al. [54] (b) Average Nusselt number (Nuavg) for nanofluids with 3 % volume fraction as reported in Ho et al. [55], 
Sheremet et al. [56], and Motlagh and Soltanipour [57].
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quantitatively assessed through T. Nuavg and T. Shavg, providing valuable 
insights into the overall HT and MT characteristics of the HNC system. 
This comprehensive approach combines numerical simulations with 
machine learning predictions to improve our understanding of double- 
diffusive NC with HNC, showcasing potential applications in thermal 
management and advanced cooling technologies.

6.1. Effect of buoyancy ratio (N) and the Lewis number (Le)

Understanding the intricate fluid motion, thermal distribution, and 
concentration distribution within a system is pivotal for unraveling the 
complexities of thermo-solutal transport phenomena. This section il
lustrates graphs of streamlines, isotherms, and iso-concentrations to 
visualize how hybrid nanofluids respond locally under various condi
tions. Fig. 7 illustrates the effect of the buoyancy ratio (N) and diffusivity 
ratio (Le) at high Rayleigh number Ra=105 on the local flow features. 
Specifically, subplots 7(a, b) illustrate the effect of varying Le (from 5 to 
10) while N is kept constant at 2. Due to the buoyancy-driven convective 
HT flow, the two counter-rotating vortex cells are generated over the 
three heated chips within the enclosure, but the central chip leads to 
emanating the vortex cell. This study considered the positivity of the 
buoyancy ratio to observe the aiding condition of both the thermal and 
solutal buoyancy forces to each other. The aiding feature of the buoy
ancy forces lowers the boundary layer thickness along the active walls, 
enhancing the HT and MT features from the heated surface. The 
magnitude of N=2 indicates the strength of the thermal buoyancy force 
over the solutal buoyancy force by two times, intensifying flow strength 
and leading to densified streamlines within the intermediate regions of 
cold walls and nearby heated chips. The convection is observed to be 
weaker over the central chips, indicating weak thermo-solutal convec
tion above the central chips compared to the other heated terminal 
chips. The mirroring of the contour distribution of thermal and con
centration lines about the central chip indicates the observance of 

Rayleigh-Benard convective cells in this thermos-solutal transport study 
within the enclosure of interest. As seen in Fig. 7 (a,b), the increase in 
the LE value strengthens the thermal diffusivity over the solutal diffu
sivity, thereby fattening the thermal boundary layer and thinning the 
solutal boundary layer along the heated surface. The phenomena result 
in less efficient HT features relative to MT features. It is noteworthy that 
the effect of the Le variations on temperature distribution is less prom
inent. Still, iso-concentration lines are more directed toward the low- 
concentration wall with respect to increasing the diffusivity ratio Le. 
This phenomenon indicates the boosted MT feature with increasing the 
values of Le. Comparing the plots in Fig. 7 (a,b) with (c,d), one can 
observe that increasing N intensifies flow complexity and regional in
teractions, leading to a more intricate distribution of fluid flow, tem
perature, and concentration due to the greater strength of the thermal 
buoyancy force over the solutal one. Higher values of the buoyancy ratio 
(N=4) result in a thinner boundary layer, in which the thermos-solutal 
transport rate is boosted compared to a lower buoyancy ratio (N=2).

6.2. Thermal and solutal exchange rate

The investigation of the present study continues with the local details 
of the thermal exchange rate from the heated surface through the loaded 
nano-coolant within the enclosure. Understanding heat transfer char
acteristics on the surface of heated chips is crucial for optimizing ther
mal performance. Fig. 8 illustrates the effect of nano-coolant variation 
(MWCNT-EG, CuO-EG, and HNC03) on the local thermal transport rate 
in terms of the non-dimensional quantities such as the local Nusselt 
number (Nu). As for a particular case of aiding buoyancy forces (N = 4) 
and equal impact of thermal to solutal diffusivity (Le = 1), we present 
the effect of varying the strength of thermal buoyancy force by changing 
the values of Ra. Each heated chip is delineated by four distinctive 
points: A, B, C, and D. Analyzing local Nu across different Ra conditions 
provides insights into the detailed HT characteristics on the chip sur
faces. Under all considered conditions, Chip 1 and Chip 3 consistently 
exhibit an asymmetric feature of HT rate, with the highest local Nu 
observed at point B and point C, respectively, which are close to the cold 
walls, and the thermal exchange rate is found to be extreme. Interest
ingly, Chip 2 always displays a distinctively lower but symmetric feature 
of HT rate from its surface. However, for each loaded nano-coolant 
within the chamber, strengthening the convective thermal buoyancy 
force by Ra leads to a boost in the thermal exchange rate from the heated 
surface, especially the thermal exchange rate from the central chip, 
contributing more significantly to the total amount, with increasing Ra. 
This detailed exploration of local Nu at specific chip locations offers a 
comprehensive understanding of the local distribution of HT from the 

Table 5 
Comparison of Nu and Sh with Sezai and Mohamad [58] across various Ra, 
maintaining Pr= Le= 10, N = -0.5, and ϕ=0.0.

Ra

102 103 104 105

Nuavg in Sezai and Mohamad [58] 1.0057 1.0988 2.1909 4.5085
Nuavg in Nag et al.[42] 1.0011 1.0866 2.1727 4.4944
Nuavg in Present Study 1.0004 1.0872 2.1773 4.5173
Shavg in Sezai and Mohamad [58] 1.0589 2.4748 5.2662 ….
Shavg in Nag et al.[42] 1.0421 2.4488 5.2357 10.4597
Shavg in Present Study 1.0359 2.4506 5.2749 10.658

Fig. 7. Streamlines, isotherms, and iso-concentration with the variation of N and Le for Ra= 105 for HNC04.
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heated surface. It contributes to optimizing the thermal performance of 
the selected nanofluids. The local distribution of Nu along the heated 
chips shows that replacing the nano-coolant within the chamber exhibits 
less prominent variation qualitatively. However, nano-coolant replace
ment is expected to contribute to the total thermal and solutal exchange 
rate, as observed quantitatively in Table 6.

Table 6 shows the total average Nusselt number (T. Nuavg) and 
Sherwood number (T. Shavg) obtained from simulations using different 
nanofluids at various buoyancy ratios (N=1, 2, 4) and Lewis numbers 
(Le= 1, 5, 10) at a constant but higher Rayleigh number (Ra= 105). 
Keeping the buoyancy force with constant strength, increasing the 

buoyancy ratio N from unity to higher values indicates the dominance of 
the thermal buoyancy force over the solutal buoyancy force by weak
ening it, but forces are aided towards the convective exchange rate. As a 
result, thermal and solutal transfer rates increase with higher values of 
N. On the other hand, raising the value of Le from unity to higher values 
indicates the dominance of thermal diffusion over solutal diffusion. 
Therefore, increasing Le leads to the thickening of the thermal boundary 
layer towards the decrement in the thermal exchange rate, but the 
thinning of the solutal boundary layer causes an increase in the solutal 
exchange rate. Changing the values of N and Le leads to significant 
variations in thermal and solutal transport efficiency among the tested 

Fig. 8. Local Nu over the heated chips with different Ra values when N= 4 and Le= 1.

Table 6 
Variation of T. Nuavg and T. Shavg with different N and Le in all testing fluids when Ra= 105.

Ra= 105

N= 1 N= 2 N= 4

Le= 1 Le= 5 Le= 10 Le= 1 Le= 5 Le= 10 Le= 1 Le= 5 Le= 10

MWCNT-EG T. Nuavg 51.67 46.34 44.89 57.72 49.151 46.57 66.36 53.75 49.32
T. Shavg 47.98 79.79 99.44 53.47 87.59 108.64 61.35 100.23 124.03

CuO-EG T. Nuavg 51.827 46.48 45.015 57.89 49.35 46.73 66.60 51.06 49.57
T. Shavg 47.926 79.796 99.452 53.42 87.59 108.69 61.34 100.27 124.18

Al2O3-EG T. Nuavg 51.41 46.09 44.64 57.45 48.96 46.37 66.08 53.644 49.18
T. Shavg 47.85 79.66 99.276 53.36 87.42 108.53 61.26 100.187 123.98

HNC01 T. Nuavg 53.313 47.82 46.34 58.78 50.18 47.60 67.60 54.91 50.56
T. Shavg 48.2 80.09 99.74 52.85 86.37 107.36 60.65 98.9 122.82

HNC02 T. Nuavg 52.65 47.28 45.84 58.80 50.22 47.63 67.64 54.98 50.62
T. Shavg 47.41 78.78 98.10 52.82 86.37 107.37 60.64 98.91 122.85

HNC03 T. Nuavg 52.77 47.39 45.95 58.93 50.30 47.73 67.78 55.06 50.71
T. Shavg 47.45 78.83 98.16 52.86 86.42 107.42 60.67 98.95 122.89
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fluids. Results support that the thermal transport rate for N= 1 and Le=
1 is minimized for Al2O3-EG nanofluid but maximized for HNC01 with 
an enhancement of 3.7 %. For N=4, the HT enhancement is obtained for 
HNC03 with an amount of 2.6 %. The Al2O3-EG nano-coolant demon
strates the lowest HT rates compared to other working fluids in the 
present study. At the same time, HNC03 emerges as the most promising 
fluid for thermal transport for higher values of N, exhibiting a remark
able enhancement of 2.57 % in HT rate for Le=1 and 3.11 % for Le=10 
while N=4. Additionally, increasing the N from 1 to 4 consistently leads 
to increased HT and MT, irrespective of the constant value of Le.

6.3. Development of ANN architecture

In implementing the Artificial Neural Network (ANN) methodology, 
we systematically trained the model using numerical simulation data for 
nanofluid variations (comprising MWCNT, Al2O3, CuO, and EG 30 %) 
across a range of critical parameters. These parameters include the 
Rayleigh number (Ra), Buoyancy ratio (N), Lewis number (Le), and 
volume fractions of MWCNT (ϕMWCNT), CuO (ϕCuO), and Al2O3 (ϕAl2O3). 
To optimize ANN performance, we explored various innovative archi
tectures. The selection process involves evaluating the accuracy of 
different architectures. The chosen architecture, depicted in Fig. 9, 
consists of 5 layers with 3 hidden layers arranged in a sequence of 6-50- 
100-50-2 nodes. This architecture is strategically designed to enhance 
accuracy by jointly training the model to predict T. Nuavg and T. Shavg. 
The inclusion of hidden layers aids in capturing intricate relationships 
within the data. Table 7 presents a comparative analysis of various 
neural network architectures, focusing on their testing accuracy, num
ber of parameters, R2 values for T. Nuavg and T. Shavg, and mean squared 
error (MSE). The architectures evaluated include 6-50-2, 6-50-100-2, 
and 6-50-100-50-2. Among these, the 6-50-100-50-2 architecture dem
onstrates exceptional performance, achieving an R2 of 99.97 % for 
T. Nuavg and 99.96 % for T. Shavg, along with the lowest MSE of 0.8923.

Despite having the highest number of parameters (10,602), this ar
chitecture achieves near-perfect accuracy, suggesting that its increased 
complexity enables it to capture underlying data patterns effectively. 
The decision to select the 6-50-100-50-2 architecture is further sup
ported by its ability to minimize errors while maintaining remarkably 
high accuracy, making it the most dependable model for this study.

6.4. ANN training and prediction process

A simulation dataset was created to analyze controlling and hybrid 
nanofluids, comprising a total of 4,104 data combinations. This dataset 
includes six distinct attributes (Ra, N, Le, ϕMWCNT, ϕAl2O3, and ϕCuO) as 
inputs, generating two outputs (T. Nuavg, T. Shavg). Within this dataset, 20 
% of the data is allocated for validation, while the remaining portion is 
used for training. The efficacy of the developed ANN model is evaluated 
using an entirely new CuO-Al2O3-EG30 % hybrid nanofluid containing 
2.67 % CuO and 1.33 % Al2O3 nanoparticles. Notably, the specific 
hybrid nanofluid used for evaluation was not part of the training dataset. 
The test dataset independently assesses the model’s generalization 
abilities, consisting of 684 data combinations. Fig. 10 illustrates the 
training and validation loss of an Artificial Neural Network (ANN) model 
across 200 epochs. The y-axis depicts the Mean Square Error (MSE) on a 
logarithmic scale, while the x-axis indicates the number of epochs. The 
training and validation losses start at high values and decrease rapidly 
during the early epochs, demonstrating the model’s quick learning. As 
the training progresses, the rate of improvement slows down, and both 
losses converge to approximately 10− 4 by the end of the training. The 
proximity of the training and validation loss curves suggests that the 
model generalizes well without overfitting. In Fig. 11, the error histo
gram from the test dataset shows that the model performs effectively for 
T. Nuavg and T. Shavg. Both distributions are centered near zero, indi
cating minimal bias. The T. Nuavg exhibits a tightly clustered distribu
tion, reflecting high precision with most errors within a narrow range. 
While showing a slightly broader spread, the T. Shavg demonstrates the 
model’s adaptability to varied inputs. Overall, the model is accurate and 
versatile, handling different scenarios with reliability.

6.5. Comparison between various predicting models

Before delving into the approach of artificial neural network (ANN) 

Fig. 9. Architecture of ANN model (6-50-100-50-2).

Table 7 
Identifying the best neural network architecture based on testing accuracy.

ANN (Input-hidden- 
output)

Total 
parameter

R2 for total 
Nuavg

R2 for Total 
Shavg

MSE

6–50–2 452 98.22 % 98.10 % 49.1174
6–50–100–2 5,652 99.89 % 99.92 % 2.1578
6–50–100–50–2 10,602 99.97 % 99.96 % 0.8923
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in our current study, we thoroughly analyzed several machine learning 
models (MLM) to ensure that the selected model could accurately pre
dict the T. Nuavg and T. Shavg. To evaluate the model selection, we chose 
four error metrics: Mean Square Error (MSE), Mean Average Error 
(MAE), Root Mean Square Error (RMSE), and R2. The findings in Table 8
unambiguously support the suitability of using ANN as a reliable model 
for accurately predicting T. Nuavg and T. Shavg, with a Mean Square Error 
of 0.89223. The adjusted R2 value indicates the precision of the results 

compared to the actual values.

6.6. ANN feature on estimating Total Nuavg & Total Shavg

This section explores the qualitative performance of ANN imple
mentation on the large data sets generated from the present numerical 
simulations. In this regard, plots of Figs. 12 and 13 illustrate how 
T. Nuavg and T. Shavg of one mono nano-coolant (MWCNT-EG) and two 
hybrid nano-coolants (HNC01 and HNC02) from six training fluids, as 
mentioned in Table 1, change for various N values (1, 2, and 4) as Le 
values (1 to 10). The results show that it consistently decreases with 
increasing the thermal diffusivity by the values of Le for all Ra cases. As 
discussed earlier, strengthening the thermal buoyancy force over the 
solutal one by the values of N for each case of Ra boosts the HT rate as 
aided by the solutal buoyancy force. It is notable to observe that for each 
nano-coolant, increasing the convective force with the values of Ra 
significantly enhances the T. Nuavg. The results also exhibit the accu
racy of an ANN output in estimating T. Nuavg. In Figs. 12 and 13, solid 
lines represent CFD simulated results, while dashed lines represent ANN. 
The ANN outputs successfully estimate the trend of T. Nuavg features 
obtained from the CFD results across all parameter variations. However, 

Fig. 10. Training graph on mean epoch.

Fig. 11. Error Histogram on the testing dataset.

Table 8 
Comparing ANN with other existing models.

Model Mean square 
error

Mean average 
error

RMSE R2

K-Nearest neighbour 
regressor

243.7407 11.7762 15.1284 90.22 
%

Decision tree regressor 2.1140 0.8460 1.44780 99.89 
%

Random forest 
regressor

1.1462 0.6523 1.06814 99.94 
%

ANN (present model) 0.8923 0.6354 0.9446 99.96 
%
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some inconsistency was noted when Ra=104, with the ANN results 
deviating from the CFD results for N, resulting in a maximum percentage 
error of 11 % for Le > 5. These findings provide valuable insights into the 
reliability of the ANN model in predicting HT characteristics. Results in 
Fig. 13 show that T. Shavg tends to boost with increasing the values of Le 
as the solutal boundary layer gets thinner by weakening the solutal 
diffusivity. At Le=1, the temperature and concentration boundary layer 
thicknesses are equal, resulting in lower MT than higher Le values. 
Furthermore, when N=1, there is an equal and positive impact on 
enhancing the T. Shavg from both thermal and solutal buoyancy forces. 
Additionally, an increase in Ra further amplifies T. Shavg due to the 
strengthening of the convective action of the flow. Our innovative 
artificial neural network (ANN) model structure showcases its ability to 
replicate the behavior of solutal exchange rate T. Shavg with varying 
parameter values. Despite slight variances, the majority of the ANN 
model results closely align with the computational fluid dynamics (CFD) 
results, which validates the effectiveness of this novel ANN architecture.

6.7. ANN prediction on total Nuavg & Shavg

The developed ANN architecture implemented in the present study 
has estimated the trained data for various training fluids. Therefore, the 
present section shows the qualitative and quantitative performance of 
the ANN modeling to predict the HT and MT characteristics of nano
fluids under a new circumstance, including novel fluid types with 
diverse compositions and varying percentages of nanoparticle volume. 
Consequently, the performance of the constructed ANN model was 
assessed using a newly introduced hybrid nanofluid termed Al2O3-CuO- 
EG30 %, which consisted of 1.33 % Al2O3 and 2.67 % CuO nanoparticles 
and was not utilized during ANN model training. This fluid was intro
duced to test the model’s robustness. Fig. 14 illustrates the T. Nuavg and 
T. Shavg values for different $Le$ and $N$. The model demonstrated its 

potential in the test fluid by accurately predicting the features of T. Nuavg 
and T. Shavg for a Rayleigh number Ra = 104as for the choice of interest. 
Table 9 compares the ANN predictions with results from simulations for 
the average T. Nuavg and T. Shavg across different values of Le and N for 
a quantitative observance of the ANN prediction. Although all results are 
not shown, the ANN model closely replicated the CFD results across all 
Ra values ranging from 103 to 105, with T. Nuavg deviations range 
within 1–2 %, and T. Shavg deviations range within 2–3 %, even at Ra=
10⁵, where convective effects are strong enough. The N, which reflects 
the ratio of thermal to solutal buoyancy forces, also influenced the re
sults, with the ANN accurately capturing the variations in T. Nuavg and 
T. Shavg as N increased from 1 to 4. Similarly, changes in Le, which 
represents the ratio of thermal to mass diffusivity, were well predicted 
by the ANN, showing consistent trends with the CFD results. The 
model’s ability to generalize across different Ra, Le, and N values vali
dates its effectiveness in handling complex, coupled thermo-solutal be
haviors in nanofluids. Importantly, the ANN model proved capable of 
generalizing to new fluid compositions, such as the Al₂O₃-CuO-EG 
hybrid nanofluid, confirming its reliability for predicting heat and mass 
transfer characteristics in systems that were not part of the initial 
training data. This investigation supports the ANN modeling as a valu
able tool for reducing the computational costs associated with tradi
tional CFD simulations, especially in practical applications such as 
designing and optimizing thermal management systems that utilize 
nanofluids.

6.8. Cost effectiveness of ANN model vs FEM simulation

The numerical simulation of the training data using the finite 
element method (FEM) on a workstation equipped with a 12th Gen Intel 
(R) Core (TM) i5-12400, 2.50 GHz processor, and 96.0GB of RAM took 
approximately 36 h. Subsequently, the simulation data was utilized to 

Fig. 12. CFD-ANN comparison of T. Nuavg vs.Le for various nano-coolants and Ra-values with N= 1, 2, 4.
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develop an innovative Artificial Neural Network (ANN) model for the 
same problem, employing the same computational resources. The 
development of the ANN model, utilizing in-house Python code, 
involved approximately one hour of training. Post-training, the ANN 
model demonstrated the capability to provide real-time predictions with 
high accuracy in seconds, signifying a substantial advancement over the 
resource-intensive FEM-based simulations. To validate the effectiveness 
of the ANN model, it was tested using HNC 04, a dataset not included in 
the training data. In contrast, generating heat and mass transfer findings 
for HNC 04, with various governing parameter values using FEM, took 
approximately 6 hours. As previously mentioned, the developed ANN 
model rapidly provided predictions for the same input features in sec
onds with exceptional accuracy, highlighting the computational effi
ciency of ANN compared to FEM. The study’s outcomes validate the 

ability of ANN to reduce computational time and associated expenses in 
computational studies.

7. Conclusion

This study explores the double-diffusive natural convection 
emanating from three heated chips placed within an enclosure with two 
vertical cold sides. The investigation incorporates a wide range of 
nanocoolants for convective medium, including MWCNT, Al2O3, and 
CuO nanoparticles with varying weight percentages in the base fluid 
ethylene glycol (30:70). The study systematically investigates the in
fluence of critical parameters such as Ra, N, and Le on the heat transfer 
(HT) and mass transfer (MT). The data generated serves as a robust 
training dataset for existing machine learning (ML) and Artificial Neural 

Fig. 13. CFD-ANN comparison of T. Shavg vs. Le for various nano-coolants and Ra-values with N= 1, 2, 4.

Fig. 14. CFD-ANN comparison on T. Nuavg and T. Shavg in varied Le for HNC04 fluid at N= 1, 2, 4 and Ra= 104.
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Network (ANN) models. Key findings from the study include: 

• Heat and mass transfer increase with increasing the buoyancy forces 
by the values of Ra, peaking at Ra= 10⁵.

• Increasing the convective buoyancy forces (Ra) enhances the HT 
from the centrally positioned heated chips towards the greater 
contribution to the T. Nuavg.

• T. Nuavg is highest at lower thermal diffusivity (Le= 1) and highest 
buoyancy ratio (N= 4) for all coolants.

• T. Shavg shows it’s enhanced MT by increasing both Le and N for all 
nano-coolant variations.

• HNC03 outperforms other nanocoolants, improving heat transfer by 
3.11 % for N= 4 and Le= 10.

• The optimal ANN model (6-50-100-50-2) accurately predicts heat 
and mass transfer with R2= 0.99982 and MSE= 0.8923.

• The ANN model closely replicated the test fluid results from CFD 
across all Ra values, with T. Nuavg deviations range within 1–2 %, 
and T. Shavg deviations range within 2–3 % when Ra= 10⁵.

The study highlights the computational efficiency of ANN, empha
sizing its potential as a valuable tool to reduce computation time and 
costs in complex simulations. To fully realize the potential of our 
study, it is essential to acknowledge its limitations and consider 
future perspectives:

• The ANN model optimizes Ra, N, Le, and coolant combinations for 
better heat and mass transfer. Future research can improve pre
dictions by combining ANNs with genetic algorithms, especially for 
managing hybrid and regular nanocoolants.

• It is essential to recognize that the selected architecture may have 
limitations in terms of computational costs for real-time applications. 
Investigating alternative approaches or employing dimensionality 
reduction techniques to address this challenge would be prudent.

• Expanding the study to higher Ra values beyond 103 to 10⁵ could 
offer new insights into extreme conditions.

In summary, the integration of ANN modeling with diverse param
eter variations and validation against CFD results underscores its 
effectiveness in accurately predicting heat and mass transfer 

characteristics. This advancement contributes significantly to the 
ongoing progress in computational fluid dynamics studies.
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