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aDepartment of Mechanical Engineering, Aditya Engineering College, Surampalem, Andhra Pradesh, India; bDepartment of Mining
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ABSTRACT
Nanofluids are recognized to have significant difference in thermal/transport properties in
contrast to the corresponding heat transfer fluids. The viscosity and thermal conductivity of
carbon dioxide, which are the transport properties, play the vital role in swiftly growing
applications of enhanced oil recovery process and industrial refrigeration. The current study
presents different machine learning models to predict the transport properties of alumina-
carbon dioxide nanofluid along with the molecular simulation approach. Several machine
learning methods with linear regression, K-Nearest Neighbors, and Decision Tree are used to
see the accuracy in determining these transport properties. The input variables taken to pre-
dict these transport properties are temperature, nanoparticle volume fraction and size.
Molecular dynamics simulations using Large-scale Atomic/Molecular Massively Parallel
Simulator are executed to determine the properties. Pearson correlation was established
between the independent and dependent variables to check the dependency of the input
variables on thermal conductivity and m. Finally, we performed the statistical coefficients of
determination to resolute the accuracy of the results obtained. It is concluded from the
study that, the decision tree model with an accuracy of 99% is the best suited model for
the prediction of transport properties of current nanofluid over the temperature range, vol-
ume fractions, and varied nanoparticle sizes.

Introduction

Nanofluid is demarcated as a novel fluid with disper-
sion of solid nanoparticles or nanofibers (typically
1–200 nm) [1, 2]. In contrast to the conventional heat
transfer fluid, nanofluid has revealed a noticeable
enhancement in transport properties [3, 4] such as
thermal conductivity (k). In the current study, we
have focused on the enhancement of the carbon diox-
ide (CO2) thermophysical properties to make it a bet-
ter refrigerant and a better oil recovery agent. One
such way is to use its nanofluid with alumina nano-
particle (np). Tong et al. [5] conducted a study on
nanoparticles where copper oxide (CuO) and alumina
(Al2O3) nanoparticles were added to water (H2O)
which augmented the solar collector’s thermal effi-
ciency by 16% and 21%. Another study [6] concluded
that photovoltaic/thermal system’s efficiency can be
further improved by adding multi walled carbon
nanotubes (MWCNT) nanostructures into water. A

study was performed by Bellos et al. [7] using nano-
fluid in the parabolic trough collectors, and according
to this study, the system’s thermal efficiency refined
by 0.76% when CuO nanoparticles were added in the
utilized engine oil. In a numerical study conducted by
Daneshipour and Rafee [8], an increase in the amount
of heat extracted was observed when the conventional
fluid was replaced by nanofluid in a circuit flow heat
exchanger. The uses of nanofluids are not confined to
renewable energy systems only but extend to varied
purposes also. Bahiraei et al. [9] performance of ther-
mal devices like heat exchangers and heat pipes can
be improvised by using nanofluids and additionally,
nanofluids are efficient to cool the voltaic systems.
Nanofluids are able to enhance the thermal efficiency
more than the pure fluids, thereby increasing the per-
formance of thermal devices [10, 11]. This has been
exemplified in a study by Mohammadi et al. [12],
which investigated decrease in thermal resistance up
to 74.8% when ferrofluid was applied in the heat pipe,
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as against pure water which reduced thermal resist-
ance by a small portion. Several other studies have
also observed similar results indicating augmentation
of heat transfer with nanofluids application [13–17].

The other important thermophysical property to
determine is viscosity (m). The m is anticipated to be
more than the conventional fluid as nanofluid is a
solid-fluid mixture. Most of the research have shown
the enhancement in m by dispersing nanoparticles of
which recent research have reported that the inherent
properties of nanofluids such as particle shape and
size [18, 19], particle volume fraction (u) [20, 21],
and temperature [22, 23] impact their m. Lee et al.
[24] examined the Al2O3 water m and found that with
increase in Al2O3 concentration and system’s tempera-
ture, m get enhanced. Wang et al. [25] showed 86%
increment in m with Al2O3 np size of 28 nm. Nguyen
et al. [26] conveyed that m got enhanced with increas-
ing Al2O3 np diameter. However, Pastorizo-Gallego
et al. [27], contradicts the results obtained in the
study of Nguyen et al. They discovered that m

decreases for Al2O3 nanofluids with the increase in np
size. Under a set of assumptions Meyer et al. [28]
states that simulations estimate the transport proper-
ties because it is difficult to control np shape and size
while performing the experiments. Furthermore, these
simulations can acquire a better detailed and helpful
picture of molecular structural features, providing
valuable/supplementary insights.

Machine learning (ML) and artificial neural net-
works (ANNs) approaches with their capability to
mold varied systems with high accuracy have drawn
the attention of scientists [29, 30]. The impact of such
approaches was investigated by Toghyani et al. [31]
where they estimated engine power with the usage of
ANN-based model. Approaches based on ANN and
with the use of mathematical correlations, various
researchers have modeled the properties of nanofluids.
Ahmadi et al. [32] in their study applied the ANN
algorithm to present a model of Al2O3-H2O and
Al2O3-ethylene glycol nanofluids, thermal conductiv-
ity. To perform the study, firstly, concentration and

Nomenclature

ANN Artificial neural network
DT Decision tree
ej Denotes the surplus energy of j kind of atoms
F Force acting on or between atom(s), N
h Enthalpy, J
J Heat flux, W/m2

k Thermal conductivity, W/m�K
kB Boltzmann’s constant, J/K
kMorse Morse force constant, N/m
kharmonic Harmonic force constant, N/m
KNN K-nearest neighbor
LAMMPS Large-scale atomic/molecular massively

parallel simulator
LB Lorentz-Berthelot
LR Linear regression
m Particle mass, kg
MAE Mean absolute error
MD Molecular dynamics
ML Machine learning
MSE Mean squared error
MWCNT Multi walled carbon nanotubes
N Total number of atoms
NA Avogadro’s number, mol�1

Nmolecules Number of molecules
np Nanoparticle
P Pressure, N/m2

q Partial charge, C
r Distance between two atoms, m
r0 Equilibrium distance between two atoms, m
R2 Coefficient of determination
RMSE Root mean squared error
t timesteps, ps (picosecond)
T Thermodynamic temperature, K
U Electrostatic (Coulombic) potential, J
UM Morse potential, J
UH Harmonic potential, J

v Velocity of particle, m/s
V Volume, m3

VMD Visual molecular dynamics

Greek symbols
e Interaction strength, J
e0 Dielectric constant of vacuum
! Morse potential constant
u Volume fraction, %
m viscosity, Pa.s
hijk Angle between atoms, rad
h0 Equilibrium angle between atoms, rad
q Density, kg/m3

r Interatomic length scale between atoms, m

Subscripts
a, b Denotes different kind of atoms
c Cutoff
i, j Denotes atoms of type i and j
o-o Oxygen-Oxygen
c-c Carbon-Carbon
nl Nanolayer
nf Nanofluid
f Fluid
xy, xz, and yz Different planes to calculate pressure tensor

Superscripts
Coulombic Denotes the Coulombic potential for interactions
a, b Denotes different kind of atoms
nb Non-bonded
k, l Denotes two different atoms i and j of type k

and l
LJ Lennard-Jones
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temperature were taken as the input variables whilst
np diameter was considered later. Their results show
that the addition of np size to the input variables,
concentration, and temperature, develops a better k
model. Another valuable nanofluid property is m
which was modeled by researchers using machine
learning approach by Ebrahimi-Moghadam et al. [33].
The confidence and precision of the models obtained
depend on various factors which include the utilized
inputs, the kind of algorithm used, the structure of
thermophysical model etc. The research done in the
past have incorporated the limited a few affecting
parameters while it is important to develop a model
by considering all influencing factors. In this aspect,
u, temperature and np diameter are taken as input
variables for the calculation of thermophysical proper-
ties of current nanofluid using ML.

The current work focuses on the improving the
transport properties of CO2 in order to make it a bet-
ter refrigerant and help in enhancing the oil recovery.
We have determined the particle size, u and tempera-
ture effect on Al2O3-CO2 nanofluid with help of an
open source-code large-scale atomic/molecular mas-
sively parallel simulator (LAMMPS) [34] using
molecular dynamics simulations. The variation in np
size, u and temperature range from 1–6 nm, 0.9–2.9%,
and 300–700K. Later, machine learning methods are
used for modeling the k and m of Al2O3-CO2 nano-
fluid by establishing the correlation between the inde-
pendent and dependent variables which govern the
importance of the input variables on k and m. The
results obtained from molecular dynamics (MD)
simulations then compared with different machine
learning methods for predictive modeling of Al2O3-
CO2nanofluid transport properties. We observe a
denser region around the np, i.e., nanolayer, which
increases with increase in np diameter, and can be
considered as one of the factors in enhancing the
transport properties of current nanofluid. The Pearson
correlation established using ML in this study will be
useful in reducing the number of simulations needed
while establishing the k and m of Al2O3-CO2 nanofluid
for various input parameters.

Methodology and simulation system

MD simulations are a progressively implemented tool
to accomplish interactions between solid and fluid
and then evaluating thermal and transport properties
of the systems [35]. The interaction potential amongst
the atoms was determined using a suitable potential
energy function that evaluates the interatomic forces.

The potential energy function used consists of all the
interactions. The bond-flexibility and angle bending
contains the stored energy portion of the potential
whereas Van der Waals forces are used for non-
bonded attraction and repulsion. The Coulombic
interactions are evaluated by the Particle-Particle
Particle-Mesh (PPPM) method [36]. In this work, sus-
pension of Al2O3 np in gaseous and supercritical CO2

is modeled in LAMMPS. From our previous studies,
we have used the TraPPE_flexible CO2 model and the
determined the properties of bulk CO2. The inter-
atomic interactions include the long-range electro-
static (Coulombic) potential (U), and Lennard-Jones
(LJ) 12-6 potential (Equations (1)–(3)) [37].

Unb
ij ¼ ULJ

ij þ UCoulombic
ij (1)

Uij rijð Þ ¼ 4eij
rij
rij

� �12

� rij
rij

� �6
" #

(2)

ULJ
ij rijð Þ ¼ Uij rijð Þ � Uij rcð Þ rij<rc

0 rij>rc

� �
(3)

where rij, rij and eij, and rc are interatomic distance,
Lennard Jones parameters, and the cutoff radius. The
cutoff radius is set to 4rO�O as the thermophysical
properties are practically independent afterwards.

The interatomic forces between the other kinds of
atoms are determined by Lorentz-Berthelot (LB) rule
using the following (4) and (5) equations [37].

rij ¼
rii þ rjj

2
(4)

eij ¼ ffiffiffiffiffiffiffiffiffiffiffi
eii�ejjp

(5)

Our earlier work [13] showed that the forces
between Al2O3 and CO2 molecules can be approxi-
mated with the use of LB rule.

Equation (6) defines the electrostatic attraction and
repulsion as:

UCoulombic
ij ¼ 1

4pe0

qiqj
rij

(6)

where e0, qi and qj are the vacuum dielectric constant,
and the charges on different atoms.

An additional potential function is used to incorp-
orate the fully flexible CO2 model with the bond
stretching and angle bending (Equations (7) and (8))

UM rijð Þ ¼ kMorse 1� e�! rij�r0ð Þ½ �2 (7)

UH hijk
� � ¼ 1

2
kHarmonic hijk � h0

	 
2 (8)

where UM and UH uses Morse and Harmonic poten-
tials to describe the bond and angular stretching with
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respective force constants kMorse and kHarmonic. rij sig-
nifies the interatomic distance and r0 signifies the
equilibrium bond distance. Similarly, hijk denotes the
angle between atoms and h0 is the equilibrium angle
between them. Table 1 gives the details to model CO2

in the LAMMPS along with various poten-
tial constants.

To model Al2O3 atomic interactions, two- and
three body potential interaction functions are used
which use the electrostatic and van der Waals interac-
tions, charge-induced dipole, and steric-size effects.
The Vashishta et al. [38] potential is used as a three-
body potential for bond and angle stretching along
with the bond-bending parameters.

MD simulations in canonical ensemble NVT
(where the temperature T is fixed, together with the
number of particles N and the volume of the simula-
tion box V) ensemble are executed initially and visual
molecular dynamics (VMD) is used to visualize the
configurations [39]. To perform the post processing, a
time-step of 1 fs (femtosecond) was observed to be
sufficient for energy conservation and chosen for the
simulation. To authenticate the simulation algorithm,
we have performed the calculation of thermophysical
properties of the base fluid, i.e., gaseous CO2 and
supercritical CO2 over the range of temperature
300–700K keeping the density constant at 150 kg/
m3.The formalism to calculate these transport proper-
ties is given by Green-Kubo and we have validated
our results by the experiments with errors of 0.52%
and 0.76% for k and m.To attain the average value of
k and m we have performed ten independent runs. To
achieve the constant temperature, simulations were
performed using Nose-Hoover thermostat [37].

To setup the bulk nanofluid containing np and
base fluid, the simulation domain was created with
periodic boundary conditions in all the three direc-
tions. The density of the base fluid in gaseous and
supercritical phases is kept constant at 150 kg/m3 by
varying pressures up to 200 bar in the temperature
range of 300–700K. The volume fractions were varied
from 0.9–2.6% accordingly to achieve various simula-
tion domains. Then minimization is done to eliminate
the close interactions to disseminate the collisions due
to high potential energy. To attain the equilibrium

state for CO2 molecules separately, an adequate time
steps were performed by keeping the np fixed. This is
achieved with Langevin thermostat and microcanoni-
cal ensemble NVE (where it is the total energy E, i.e.,
the sum of kinetic and potential energy which is con-
stant, together with N and V). The same procedure
was repeated to attain the equilibrium state of np by
keeping the fluid molecules immobile. Once the entire
simulation domain has achieved the equilibrium, it is
then subjected to the canonical ensemble (NVT)
before determining the thermophysical properties of
the current nanofluid. The Green-Kubo relations use
the fluctuation of autocorrelations to evaluate k and m
for each different nanofluid system under the NVE
ensemble. During the simulation the new positions
and velocities of atoms are updated timely using vel-
ocity Verlet algorithm (a numerical method used to
integrate Newton’s equations of motion to calculate
positions and velocities of particles in MD simulations
named by Loup Verlet in 1960s) [37] by integrating
Newton’s equation of motion with adequate
time steps.

In equilibrium molecular dynamics, the Green-
Kubo formalism uses the heat flow autocorrelation
function to determine the k [34] at time 0 and t by
Equation (9):

k ¼ V
3kBT2

ð
J 0ð Þ:J tð Þ� �

dt (9)

where J is given by Equation (10), which is the heat
flux vector.

J ¼ 1
V

""XN
j¼1

ejvj �
X2
a¼1

ha
XNa

j¼1

vaj

#

þ 1
2

"XN
i¼1

XN
j¼1, j6¼1

rijðvj:FijÞ
## (10)

and ej denotes the surplus energy of j kind of atoms,
and Fij denotes the force acting on different atoms
resulting from the pairwise interaction. The surplus
energy is calculated by Equation (11)

ej ¼
X
j

1
2

mjv
2
j þ

X
j

1
2
Uij (11)

here vj is the particle velocity of atom j, and the aver-
age partial enthalpy is given by ha in Equation (12)

ha ¼ 1
Na

XNa

j¼1

ej þ ej:Fjð Þ (12)

While determining the k of a nanofluid system, ha
is a significant factor [40]. For the pure fluid system,

Table 1. Lennard Jones parameters of TraPPe_flexible CO2

model with carbon-carbon, oxygen-oxygen atomic interaction
and force constants [13].
MODEL rO�O eO�O rC�C eC�C

TraPPe_flexible 3.06 (Å) 79.3 (K) 2.82 (Å) 27.1 (K)

kMorse¼ 2,016 kJ/molÅ2, !¼ 2.34 and kHarmonic¼ 1,237 kJ/mol rad2.
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the average velocity is zero, and hence, ha is zero. For
the nanofluid system, the average partial enthalpy is
non-zero. To determine the k of the nanofluid cor-
rectly, we have subtracted the average partial enthalpy
from the current form of Green-Kubo formalism to
consider the conduction energy flux only.

In equilibrium molecular dynamics, the Green-
Kubo formalism calculates the m by integrating the
pressure tensor (Equation (13)) autocorrelation func-
tion [37]:

Table 2. Summary of the nanofluid Al2O3-CO2 compositions
of u¼ 0.9% by keeping a constant q¼ 150 kg/m3 of the base
fluid. (For other volume fractions we proceeded in the simi-
lar manner.)
np diameter
(nm)

Number of
alumina atoms

Number of
CO2 atoms

Box dimensions
(Å) u %

1 60 366 39 0.9
2 510 2,898 78 0.9
3 1,660 9,528 116 0.9
4 3,980 22,734 155 0.9
5 7,740 44,574 194 0.9
6 13,320 77,220 233 0.9

Figure 1. Initial MD simulation configurations by varying np diameter 1–6 nm in the order of (a)–(f) at constant bulk fluid CO2

density (150 kg/m3) with different simulation domain size at a particular u of 0.9% (Similar other configurations at various volume
fractions were configured but not shown here).
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l ¼ V
kBT

ð1
0
Pab 0ð ÞPab tð Þdt, a, b ¼ x, y, z (13)

Pab is the pressure tensor which consists off-diag-
onal (a 6¼b) elements, which for nanofluid can be cal-
culated by Equation (14) in the xy plan at time 0 and
t as:

Figure 2. k and m of (a) bulk CO2 compared with experimental results [15] (b) nanofluid containing 3 and 4 nm diameter versus u
at 500 K in supercritical phase.

Figure 3. k and m of nanofluid variation with np diameter at different volume fractions in supercritical phase.
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Figure 4. Nanolayer variation visualized by VMD for different nanoparticles ranging from 1–6 nm in the order of (a)–(f). The max-
imum nanolayer thickness is 2 nm for 6 nm particle.
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Pxy
ab ¼

Xb
k¼a

XNa

i¼1

ma
i v

a
xiv

b
yi

þ
Xb
k¼a

Xb
i¼a

XNk

i¼1

XNl

j�i

rklij :ex
 �

:
@U rklij

 �
@rklij

:ey

0
@

1
A

2
4

3
5

(14)

where vaxi denotes the velocity component of ith atom
of a kind in x direction, and ma

i represents the mass
of ith atom of a kind. Nk denotes the number of
atoms of k type, rklij designates the distance between
the two different atoms i and j of type k and l, and U
(rklij ) is the energy interaction between the two atoms
The terms ex and ey represents the unit vectors in x
and y directions. To perform the m calculation of the
nanofluid, all plans i.e., Pxy, Pxz and Pyz are considered
as autocorrelation functions.

Figure 1 shows the initial configuration with differ-
ent values of np radii at a u of 0.9%. Similar configu-
rations were made for different volume fractions to
create the initial setup by keeping the density of CO2

constant which is shown in Table 2. The gaseous and
supercritical phases of the CO2 were checked by both
visualization and using radial distribution functions in
our previous studies. Figure 2(a) shows the calculation
performed to determine the thermophysical properties

of the base fluid, i.e., gaseous CO2 and supercritical
CO2 and compared with the experimental data [15].

Results and discussion

u and particle size effect on ‘k’ and ‘m’

MD simulations were performed to determine the effect
of u on k and m of the gaseous and supercritical Al2O3-
CO2 nanofluid. The simulations were performed over a
temperature range of 300–700K. Figure 2(a) shows the
calculation performed to determine the thermophysical
properties, i.e., k and m of the base fluid for gaseous
CO2 and supercritical CO2 which are compared with
the experimental data, supported by our previous study
[15]. Further, to see the effect of u, results obtained at
500K are discussed in this section. Figure 2(b) shows
the k and m of Al2O3-CO2 nanofluid at the temperature
of 500K with varying range of u from 0.9% to 2.6%. As
shown in Figure 2(b), the nanofluid thermophysical
properties increase with an increase in the np u as well
as np diameter. It is notable that the values predicted by
the MD simulations are analogous to classical theories
(Maxwell and Hamilton & Crosser). The effect of u is
reflected more in gaseous phase when compared to the
supercritical phase.

Figure 3 shows the effect of np diameter for vol-
ume fractions of 1.413% and 2.6% at 500K. These
results show that the thermophysical properties of
Al2O3-CO2 nanofluid increase monotonically with
both np diameter and u. Moreover, k and m for the
current nanofluid at higher u are more when com-
pared to a lower u at the same np diameter. The plots
distinctly suggest that there is an enhancement in the
thermophysical properties of gaseous and supercritical
Al2O3-CO2 nanofluid with an increase in np diameter.

Our MD results show the enhancement in the ther-
mophysical properties of the current nanofluid with
increase in np diameter agrees well with the existing
experimental literatures [18–20, 40]. To explore the
rationale for enhancement, we performed density distri-
bution analysis around the np. For this, various bin
sizes were considered to determine the maximum dens-
ity ratio around the np. The analysis shows that an
ordered layer was formed near the solid surface whose
thickness increases with increase in np diameter. The
denser layer around the np is more ordered for larger
nanoparticles while the density ratio is more for smaller
nanoparticles. The nanolayer formed can be considered
to increase the effective u. Consequently, the increase
in thermophysical properties with the increase in np
diameter may be attributed to the corresponding thick-
ened nanolayer formed. To display this effect, we have

Table 3. Atomic density of the CO2 nanolayer around Al2O3

np of different diameters.
np diameter (nm) Density ratio (qnl/ qf) Nanolayer thickness (nm)

1 8.4 0.4
2 3.5 0.8
3 3.1 1.3
4 1.9 1.6
5 1.35 1.8
6 1.08 2.0

The nanolayer thickness is determined in such a way that each considered
bin has a density ratio of more than 1. (For different volume fractions,
the nanolayer thicknesses with different np are similar as we have kept
the fluid density constant).

Figure 5. Density ratio and nanolayer thickness variation with
respect to np diameter.
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estimated the density of the CO2 layer surrounding the
Al2O3 np. The thickness of the layer formed varies from
0.4 to 2 nm when the np size varies from 1 to 6 nm.
Figure 4 shows the nanolayer formed around the nano-
particles using VMD. To evaluate the np size effect of
the density of nanolayer, Equation (15) is used:

qnf ¼
Nmolecules�44�10�3

NA�V ðkg=m3Þ (15)

where V is the spherical bin volume, NA is the
Avogadro number and Nmolecules is the number of
CO2 molecules.

Figure 6. Variation of k and m at various volume fractions ranges from 0.9–2.6 % with varying np diameters in the gaseous and
supercritical phases to observe the temperature effect.
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Table 3 and Figure 5 show the variation of density
ratio (qnl/qf) and nanolayer thickness with np diam-
eter. MD results show that the density ratio decreases
and nanolayer thickness increases with an increase in
np diameter. The values of the thickened nanolayer
with diameter are shown in the table which is calcu-
lated using Equation (15). This thickened layer is
deemed as a plausible reason of enhancement in ther-
mophysical properties of the current nanofluid, as
supported by our previous work [21].

Effect of temperature on ‘k’ and ‘m’

In this section, we have studied the effect of tempera-
ture on k and m of gaseous and supercritical Al2O3-
CO2 nanofluid for a temperature range of 300–700K
with varying volume fractions. Figure 6 shows the
MD results calculated and the thermophysical proper-
ties increase along with temperature and its effect is
more pronounced at larger u. With increase in tem-
perature, it was observed that the molecules were

moving faster toward the solid–fluid interface and
experienced the strong adhesion by the np. This led
to the formation of a structured nanolayer around a
larger np which causes increased enhancement at
higher temperatures. The outcome of the current
study agrees well with the reported literatures of other
nanofluids. In these studies, the results show that the
properties are directly proportionate with the tem-
perature of the system.

Machine learning of ‘k’ and ‘m’ of Al2O3-
CO2 nanofluid

The data and modelling
The data used for modeling has been generated using
molecular dynamics simulations. A total of 240 entries
were generated, with varying input variables such as
temperature, u and np size. For these input parame-
ters, two dependent or output parameters were deter-
mined viz., k and m of nanofluid. The description of
the data generated and used for modeling is presented
in Table 4.

Further, to establish the correlation among the var-
iables, Pearson correlation was calculated. The estab-
lished correlation values are presented in Table 5.
From the table it is evident that the independent vari-
able temperature has strongest positive correlation
with both k and m of the nanoparticles.

For machine learning modeling, three vastly popu-
lar techniques were used; namely, Linear Regression
(LR), K nearest neighbors (KNN), and decision tree
(DT). The KNN is a largely efficient supervised ML
technique which is suitable in solving both regression
and classification problems. It works by assuming the
proximities of similar things are close [41]. DT is
another supervised learning technique similar to
KNN, which can be applied to classification and

Table 4. Description of the data used.
Attributes/Variables Temperature u np size knf lnf
Count 240 240 240 240 240
Mean 471 1.7 3.5 47.3 38.2
Standard deviation 144 0.6 1.7 10.41 8.8
Minimum 300 0.9 1 31.6 24
25% 320 1.284 2 36.25 29
50% 475 1.65 3.5 49.29 40.9
75% 600 2.08 5 55.9 46
Maximum 700 2.6 6 66.9 53.7

Table 5. Correlation between the variables.
Temperature u np size knf lnf

Temperature 1 �1.8E� 17 0 0.979746 0.964355
u �1.8E� 17 1 6.05E� 18 0.115008 0.150372
np size 0 6.05E� 18 1 0.123769 0.133056
knf 0.979746 0.115008 0.123769 1 0.992562
lnf 0.964355 0.150372 0.133056 0.992562 1

Figure 7. Workflow of the models.
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regression-based problems. Categorical variable deci-
sion tree is one of the DT used to predict categorical
outputs. In the current study, DT was utilized to pre-
dict continuous variable outputs [42]. Linear regres-
sion is the simplest form of supervised machine
learning algorithm which predicts the dependent vari-
able when provided with independent variables [43].

It can be used for predicting both single and multiple
dependent variable(s). When it predicts multiple out-
put variables, the regression is called as multi-output
regression [44]. The general working methodology of
the models used is presented in Figure 7.

The data used was divided into two categories
namely, independent (input) and dependent (output);
and inserted into two data frames namely, X and y.
The data in the data frames were then split into 85%
and 15% for training and testing respectively. A total
of 240 entries were available in the data set used for
the work, from those 204 were used for training the
models and 36 were used for testing. The split data,

Table 6. Determination coefficients of developed models.
Determination coefficient/model LR KNN DT

R2 0.97168 0.98662 0.99099
MSE 2.39698 1.13267 0.76282
RMSE 1.54822 1.06427 0.8734
MAE 1.20574 0.87421 0.77667

Figure 8. Actual and predicted k and m by LR model (a) and (b), KNN model (c) and (d), and DT model (d) and (e).
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before, given as inputs to the models were standard
scaled and saved in four training and testing arrays.
The X_train, y_train arrays containing 240 iterations
of the dataset were used for training the model as
independent variable training, dependent variable
training arrays. Similarly, the X_test and y_test arrays
containing 36 entries of the dataset were used for test-
ing the models as independent variable testing and
dependent variable testing arrays respectively.

Model outcomes and analysis
The performance of the models developed were ana-
lyzed by determining few of the common

determination coefficients such as, R2, mean squared
error (MSE), root mean squared error (RMSE), and
mean absolute error (MAE). The determination coeffi-
cients are presented in Table 6.

Though all the models have performed reasonably
well, from the table, it can be deduced that the DT
model is a significantly better performing model with
an R2 of 0.99 and can be used for the prediction of k
and m. Further, plots are drawn to reveal the predict-
ive performance of the models (Figure 8a–f).

From Figure 8(a) and 8(b) it is evident that, the LR
model is predicting the k comparatively with a higher
accuracy than the m. The model is predicting k with

Figure 9. Residual plot for (a) k and (b) m.
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an accuracy of 0.9841, whereas for m the accuracy is
0.956. The combined or overall efficiency of predic-
tion for the LR models is 0.971.

The KNN model is comparatively suitable in pre-
dicting both k and m and has similar efficiency (0.98)
while predicting both the parameters as shown in
Figure 8(c) and 8(d). However, the best performing
model DT predicts both the parameters with a better
accuracy (0.99) than KNN, the actual and predicted k
and m for DT model is shown in Figure 8(e) and 8(f).

Further, residual plots for k and m are plotted in
Figure 9(a) and 9(b) respectively to showcase the devi-
ation in prediction by different models. It is evident
that, overall deviation for model DT is the minimum
among the three models.

Conclusions

In this study, the thermophysical properties (k and m)
of Al2O3-CO2 nanofluid are investigated using
molecular dynamics simulations by Green-Kubo for-
malism. The temperature was varied from 300
<T< 330 K for the gaseous phases and 450
<T< 700K for supercritical phase with varied pres-
sures. Impact of parameters such as temperature, u
and np size is examined on the nanofluid’s k and m.
The current study also employs machine learning
approach to investigate and compare with the results
obtained by MD simulations. The key out comes of
the current study can be briefed as:

1. A dense layer of CO2 molecules is observed near
the np whose thickness is determined using dens-
ity distribution analysis. The thickness of the
nanolayer formed for 1 nm, 2 nm, 3 nm, 4 nm,
5 nm, and 6 nm particle diameter systems are
0.4 nm, 0.8 nm, 1.3 nm, 1.6 nm, 1.8 nm, and 2 nm,
respectively.

2. The k and m of Al2O3-CO2 nanofluid revealed
enhancement with the augmentation of tempera-
ture, u and np size. The enhancement is less pro-
nounced in the supercritical phase when
compared to the gaseous phase.

3. Among the models developed, LR model cannot
be taken into consideration because of its lower
overall accuracy (0.97) and dissimilar efficiencies
to predict k and m.

4. The other two models viz., KNN and DT can be
sourced to predict the parameters as they show
similar efficiencies for predicting both k and m.

The best performing DT model (accuracy 0.99) can
be used for the prediction of both k and m of Al2O3-
CO2 nanofluid at different temperatures, volume frac-
tions, and varied np sizes, without going through the
tedious and time taking process of simulation. It can
be concluded that the enhancement in the thermo-
physical properties of Al2O3-CO2 nanofluid will lead
to enhanced oil recovery and a better refrigerant than
the convention CO2.
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