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Abstract

Azeotropes are special mixtures in which the components have same composition
both in liquid and vapor phases at a specific temperature and pressure. Because of this
property, the two components act as a single liquid and boil together, making separation
difficult. This study is important for improving separation process in physical chemistry.
However, the prediction of azeotropic shift remains challenging due to competing molecu-
lar factors. For the study of this behaviour, molecular dynamics simulations are performed
using GROMACS. The vapor-liquid equilibrium of binary Lennard-Jones (LJ) mixtures is
studied to understand the effects of temperature, composition, and asymmetry in interac-
tion or size on phase behavior. The simulations were conducted in the range of compo-
sitions (χA = 0.1 to 0.9) and temperatures (60 K, 80 K, 100 K, and 120 K) for symmetric
mixture (single component system) and asymmetric mixtures that have differences in the
strength of interaction (ϵ) and molecular size (σ). Number density profiles, radial distribu-
tion functions (RDF), mole fraction vs. composition analysis, and interfacial analysis were
used to study the structural and compositional properties of binary mixtures. The profiles
of the number density showed that there was a clear separation between the vapor and
the liquid phase, with a decrease in the density variations with an increase in the tem-
perature. The RDF analysis indicated the existence of short-range ordering in the liquid
phase, which decreased with high temperature. The compositional analysis showed the
change in the concentration of each component with the overall mole fraction, whereas
the interfacial analysis revealed the nature of the transition region between the vapor and
liquid phases.

This study shows that asymmetric interactions play a major role in the shift of the
azeotropic point. These findings provide better insight into the molecular interactions that
regulate the vapor-liquid equilibrium and provide information about azeotrope formation.

The study was extended to a real system by investigating the vapor–liquid equilibrium
of the benzene–methanol azeotrope using the AMOEBA force field; however, reliable re-
sults could not be obtained due to difficulties in achieving stable pressure equilibration. In
future work, more advanced machine learning potentials will be explored to improve the
accuracy and efficiency of the molecular simulations.
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1 Introduction
Solutions are an essential part of many chemical systems, and their behavior is strongly
dependent on how the different components interact with each other. Based on these in-
teractions, solutions are commonly classified as ideal and non-ideal solutions. This clas-
sification helps to understand the mixing behavior, phase equilibrium, and thermodynamic
properties of real systems.

An ideal solution is a mixture in which all molecules interact in a similar manner, regard-
less of whether they belong to the same substance or to different components. In such
systems, the interactions between like molecules are nearly identical to those between
unlike molecules. Because of this similarity, mixing occurs smoothly without any notice-
able structural or energetic changes. These solutions follow Raoult’s law, and benzene–
toluene or n-hexane–n-heptane are such examples of these solutions.

1.1 Azeotrope

An azeotrope is a mixture of two or more components that has a constant boiling point and
the same composition in both the liquid and the vapor phase. [2] Exhibits this special prop-
erty that makes separation difficult. Advanced distillation techniques, such as azeotropic
distillation, [3] extractive distillation, [4] and pressure-swing distillations, [5] are commonly used
to separate azeotropic mixtures. Azeotropic distillation involves the addition of a third
component (an entrainer) to alter the relative volatility of the components to break the
azeotrope. Pressure-swing distillation uses changes in pressure to shift the azeotropic
composition, allowing separation at different pressures. Extractive distillation is another
method in which a solvent is introduced to change intermolecular interactions and improve
separation efficiency. Azeotropes have significant importance in the chemical industry. [6]

They help minimize waste in industrial processes. [7] They are used as fuel blends to im-
prove engine performance by adjusting boiling points and compositions, [8] [9] and serve as
sustainable multipurpose solvents in vapor-phase cleaning applications. [10] [11]

Thermodynamically, a binary mixture is classified as an azeotrope when it satisfies the
following condition:

xl
i = xv

i (1)

where xl
i and xv

i represent the mole fractions of component i in the liquid and vapor
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phases, respectively. Equation 1 represents that the mole fraction of component i in the
liquid phase and in the vapor phase must be the same. [12]

(a) Positive azeotrope (b) Negative azeotrope

Figure 1: Pressure–composition phase diagrams showing (a) positive (minimum boiling)
azeotrope (b) negative (maximum boiling) azeotrope. [1]

Azeotropes are classified into positive (minimum boiling) and negative (maximum boil-
ing) azeotropes based on their deviation from Raoult’s law (deviation of vapour pressure
w.r.t. mole fraction) and boiling point behavior. Raoult’s law describes the equilibrium be-
havior of the liquid-vapor of an ideal liquid mixture. It states that, at a fixed temperature,
the partial vapor pressure of each component in a mixture is directly proportional to its
mole fraction in the liquid phase. [13] And the total vapor pressure is equal to the sum of
the partial pressures of all components. [14]

yiP = xiP
sat
i (2)

P = x1P
sat
1 + x2P

sat
2 (3)

P =
n∑

i=1

xiP
sat
i (4)

where xi and yi represent the mole fractions of component i in the liquid and vapor
phases, respectively, P sat

i is the saturation vapor pressure of component i, and P is the
total pressure of the system.
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1.2 Vapor Liquid Equilibrium (VLE)

Vapor-liquid equilibrium describes the condition of simultaneous existence of a liquid phase
and a vapor phase with no net transfer of matter between the two. VLE results in the same
rates of evaporation and condensation and therefore results in constant thermodynamic
values (temperature, pressure, and phase composition). VLE is important for understand-
ing the phase changes and the thermodynamic stability of liquid systems. To maintain the
thermodynamic viability of both phases within the equilibrium state, the chemical potential
of each component must be equal to that of the other phase as given by the equation 5:

µ
(l)
i = µ

(v)
i (5)

In addition to the properties of each component, intermolecular forces as well as ex-
ternal factors (temperature and pressure) determine the relative distribution of molecules
between the vapor and liquid phases. As the temperature of a liquid increases, so does
the kinetic energy of the molecules, thus allowing more molecules to escape to the vapor
phase, thereby increasing the amount of vapor formed.

Vapor-liquid coexistence studies are significant in the discipline of molecular simula-
tion because fluid properties are modeled with simplified intermolecular potentials. Un-
derstanding how interactions among molecules affect observable characteristics such as
density, temperature, and composition helps to better characterize the thermodynamics
and interfacial structure of a system and to study phase behavior in fluids in general.

1.3 Force Fields

Force fields describe the interactions between atoms in molecular systems. They are
broadly classified into polarizable [15] and non-polarizable force fields. Polarizable force
fields allow atomic charge distributions to respond dynamically to the local electric field
through induced dipoles. [15] In non-polarizable force fields, includingOPLS, [16] CHARMM, [17]

AMBER, [18] GROMOS, [19] and TraPPE-UA, [20] atomic partial charges are fixed through-
out the simulation. Due to their lower computational cost and numerical stability, non-
polarizable force fields are suitable for large systems and long simulation times.

12



1.4 Objective

This study focuses on understanding vapor–liquid equilibrium (VLE) using a Lennard–
Jones binary mixture as a model system. It explores how intermolecular interactions and
molecular size affect azeotropic behavior, and how these factors influence the shift in the
azeotropic point.

The study is then extended to a real system by analyzing the VLE of a benzene–
methanol azeotrope using the AMOEBA [21] force field, providing a more realistic perspec-
tive on the observed behavior..
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2 Methodology

Figure 2: Schematic representation of vapor-liquid equilibrium.

2.1 Molecular Dynamics

Molecular Dynamics (MD) [22] simulation is employed in this study as a robust computa-
tional technique to investigate the microscopic behavior of the system. All simulations are
performed using the GROMACS software [23] package, which enables efficient integration
of Newton’s equations of motion to model the time evolution of interacting particles. By up-
dating particle positions and velocities over very small time intervals, the method produces
a time-dependent trajectory of the system. Thermodynamic conditions, such as constant
temperature or pressure, can be maintained using suitable control algorithms. From the
generated trajectories, structural and dynamic properties including energy, pressure, and
diffusion behavior, can be evaluated. Thus, molecular dynamics serves as an effective
tool for connecting molecular-level interactions with the macroscopic properties observed
in simulations.

2.2 Lennard Jones Model

The Lennard-Jones (LJ) potential is a simple mathematical model that describes how two
neutral particles interact with each other depending on how far apart they are. It captures
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both the repulsive force when particles get too close and the attractive force when they
are a bit farther apart. [24] [25] LJ potential can be calculated using the equation 6:

V (r) = 4ϵ

[(σ
r

)12

−
(σ
r

)6
]

(6)

where V(r) is the potential energy between two particles separated by a distance r, ϵ rep-
resents the interaction strength between the particles and σ is the distance at which the
potential energy between two particles becomes zero.

Figure 3: Lennard–Jones potential describes intermolecular interactions.

In molecular simulations, simple fluids and their mixtures are often modeled using the
Lennard–Jones (LJ) potential due to its ability to capture short-range repulsive and long-
range attractive interactions. When more than one molecular species is present, the sys-
tem is referred to as a Lennard–Jones mixture. These mixtures can be classified as sym-
metric and asymmetric on the basis of similarity or disparity of the interaction parameters
associated with different species.

A symmetric LJ mixture consists of two components with identical molecular sizes and
interaction strengths. In this case, both species have the same LJ parameters for size
(σ) and energy (ϵ), and the cross-interaction parameters are equal to those of the pure
components. [26] In asymmetric LJ mixtures, the two components differ in size, interaction
strength, or both. [27] This asymmetry introduces complexity into the system and leads to
richer phase behavior compared to symmetric mixtures.
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2.3 AMOEBA Model

The AMOEBA [21] [28] (Atomic Multipole Optimized Energetics for Biomolecular Applica-
tions) is a polarizable force field that describes molecular potential energy as the sum of
bonded and non-bonded interactions. It extends the traditional classical force field formal-
ism by incorporating explicit atomic multipoles and polarizability, allowing a more realistic
representation of molecular electrostatics and intermolecular polarization effects.

The total potential energy in AMOEBA is written as the sum of bonded (valence) and
non-bonded terms. The bonded interactions account for bond stretching, bond angle
bending, torsional rotation, and out-of-plane bending, along with additional coupling terms
such as π-torsion term, bond–angle coupling, and torsion–torsion couplings. [28] These
terms enhance the accuracy of structural and vibrational property predictions in biomolecules. [29]

Non-bonded interactions consist of van der Waals forces described by the buffered 14–
7 potential [30] and permanent electrostatics represented by atomic multipoles (charge,
dipole, and quadrupole moments). Polarization effects are treated explicitly using an in-
duced dipole model, [31] [32] in which each atomic dipole responds to the electric field gen-
erated by all other permanent and induced multipoles.

A key strength of AMOEBA is its ability to include polarization effects, which means that
atomic charges can adjust dynamically depending on their environment. [33] This makes
it particularly effective for systems where hydrogen bonding and strong intermolecular
interactions play an important role, such as in the benzene–methanol mixture. The force
field also uses more flexible terms for bonded and van der Waals interactions, helping to
reproduce molecular structures and physical properties with higher accuracy.

2.4 Simulation Details

2.4.1 Lennard Jones mixture

All the molecular dynamics simulations were done with GROMACS. We have simulated
two types of systems, symmetric (single component) and asymmetric ( σ or ϵ). Simulated
a total of 1000 numbers of particles in different compositions and at different temperatures
(60 K, 80 K, 100 K and 120 K).
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In the symmetric mixture, all size (σ) and energy (ε) parameters are equal, so it
behaves like a single-component systemwith identical self and cross interactions. In the
asymmetric (σ) case, size parameters differ (σBB > σAB > σAA)while energy parameters
remain the same, meaning particle sizes vary but interaction strength is equal. In the
asymmetric (ε) case, energy parameters differ (εBB > εAB > εAA) while sizes are equal,
indicating stronger self-interaction for B and intermediate cross interaction. .

Mixture σBB/σAA σAB/σAA ϵBB/ϵAA ϵAB/ϵAA

Symmetric 1.0 1.0 1.0 1.0
Asymmetric (σ) 1.15 1.075 1.0 1.0
Asymmetric (ϵ) 1.0 1.0 1.2 1.095

Table 1: Parameters for symmetric and asymmetric mixtures.

First, the steepest descent algorithm [34] was used to minimize energy to achieve a stable
configuration in which the potential energy of the system was negative. After this, a 5 ns
equilibration period (NVT) was performed, where a modified Berendsen thermostat [35] was
used to slowly raise the system to the required temperatures. To enhance the mixing of
the components, annealing was added with a time step of 0.001 ps. Then, a 5 ns period of
equilibration (NPT) was performed. The Parrinello-Rahmann barostat [36] [37] was used to
equilibrate pressure, and all bond constraints were enforced with the LINCS algorithm. [38]

Electrostatic calculations were performed using the particle Mesh Ewald (PME)method. [39]

This was followed by a production run (NPT) of 10 ns after equilibration. After that, we
elongate the box dimension along the z-direction to 12 nm to form a liquid-vapor interface
in that direction and run energy minimization and NVT equilibration for 20 ns to achieve
vapor-liquid equilibrium. The last 10 ns of the 20 ns long simulation trajectories were used
for analysis. Simulations of symmetric and asymmetric LJ mixtures were conducted in a
wide range of compositions (χA = 0.1 to 0.9) in the temperature range between 60 K and
120 K. The systems were visualized with VMD, [40] and data analysis was conducted with
the built-in GROMACS tools.

2.4.2 Benzene methanol binary mixture

Molecular simulations were performed using the TINKER software [41] in AMOEBA force
field [21] for three systems: (i) 500 benzene molecules, (ii) 500 methanol molecules, and
(iii) an azeotropic mixture of 300 methanol and 200 benzene molecules. Cubic simulation
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boxes of 43 Å, 33 Å, and 37 Å were used for benzene, methanol, and the mixture, respec-
tively. Energy minimization was carried out using the L-BFGS algorithm method [42]. The
systems were then sequentially equilibrated under NVT and NPT ensembles at 300 K and
1 atm. Molecular dynamics simulations were performed using the Beeman algorithm. [43]

18



3 Results and Discussion
3.1 Density Analysis

The number density profile describes how the particle density varies along the z-direction
and is used to characterize interfacial behavior in molecular simulations. It is obtained by
dividing the simulation box into thin slabs and calculating the average number of particles
per unit volume in each slab.

3.1.1 Symmetric mixture

This figure (Figure 4) shows the number density profiles of component A along the z-
direction for a symmetric mixture at different compositions and temperatures. At low tem-
perature (60 K), a highly ordered, glassy-like structure is observed in the liquid region.
The central flat region (around z ≈ 4–8 nm) represents the liquid phase, where the
density is high and nearly constant. The outer regions (around z ≈ 0–4 nm and 8–12 nm)
correspond to the vapor phase, where the density is very low. The transition between
these regions indicates the interface. As the temperature increases, the interface grad-
ually becomes less sharp and more diffuse due to enhanced molecular motion. With
higher composition (xA), the liquid region becomes richer in component A, leading to an
increase in its density, while the vapor phase remains relatively dilute. Overall, tempera-
ture influences the thickness of the interface, whereas composition primarily determines
the liquid-phase density.

3.1.2 Asymmetric mixture (epsilon)

The plots (Figure 5) show the number density profiles of component A along the z-direction
at different compositions (xA = 0.1 to 0.9) and temperatures (60–120 K). The central flat
region (around z ≈ 4–8 nm) represents the liquid phase, where the density is high and
nearly constant. The outer regions (around z ≈ 0–4 nm and 8–12 nm) correspond to
the vapor phase, where the density is very low. The transition between these regions
indicates the interface. At low temperature (60 K), a highly ordered, glassy-like struc-
ture is observed in the liquid region. As temperature increases, the interface becomes
smoother and broader due to increased molecular motion. With increasing composition
(xA), the liquid-phase density of component A increases, while the vapor region remains
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Figure 4: Number density profiles for symmetric mixture of component A along the z-
direction at different compositions (xA = 0.1–0.9) and temperatures (60–120 K), highlight-
ing the liquid region (high-density plateau), vapor region (low-density edges), and interfa-
cial broadening with increasing temperature.
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Figure 5: Number density profiles for asymmetric mixture (ϵ) of component A along the
z-direction at different compositions (xA = 0.1–0.9) and temperatures (60–120 K), high-
lighting the liquid region (high-density plateau), vapor region (low-density edges), and
interfacial broadening with increasing temperature.
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dilute. Thus, temperature mainly affects interfacial thickness, whereas composition con-
trols the liquid density.

3.1.3 Asymmetric mixture (sigma)

Figure 6: Number density profiles for asymmetric mixture (σ) of component A along the
z-direction at different compositions (xA = 0.1–0.9) and temperatures (60–120 K), high-
lighting the liquid region (high-density plateau), vapor region (low-density edges), and
interfacial broadening with increasing temperature.

This figure (Figure 6) shows the number density profiles of component A along the z-
direction at different compositions and temperatures. At low temperature (60 K), a sharp
high-density plateau (around z ≈ 4–8 nm) in the center represents the liquid region, with
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low-density vapor regions (around z ≈ 0–4 nm and 8–12 nm) on both sides. As tempera-
ture increases, the plateau height slightly decreases and the interface becomes broader
due to increased molecular motion. Increasing composition (xA) raises the overall density
of A, making the liquid region more pronounced. Overall, temperature controls interfacial
thickness, while composition affects density magnitude.

3.2 Radial Distribution Function (RDF)

The Radial Distribution Function (RDF) [44] was calculated to characterize the local struc-
tural organization and intermolecular interactions in the symmetric and asymmetric binary
mixture. RDF was computed as shown in the equation 7 below :

g(r) =
dN(r)

4πr2ρ dr
(7)

where ρ is the average number density, and dN(r) is the average number of atoms lo-
cated within a spherical shell of thickness dr at distance r from the reference atom. [44]

In molecular dynamics simulations, the RDF is computed by dividing the simulation box
into concentric spherical shells and averaging over all atomic pairs and time frames. When
g(r) = 1, the system behaves like an ideal gas with random distribution. Values of g(r) > 1

indicate preferred interatomic distances and local structuring, while g(r) < 1 signifies re-
gions of depletion.

(a) (b) (c)

Figure 7: Radial distribution functions g(r) for A–A, A–B, and B–B pairs for (a) symmetric,
(b) ϵ-asymmetric, and (c) σ-asymmetric mixtures at xA = 0.5 and T = 100 K, showing the
variation in local structural ordering and intermolecular correlations.
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3.2.1 Symmetric mixture

In the symmetric mixture (Figure 7a), all three RDF curves nearly overlap, indicating that
the interactions between like and unlike pairs are similar (single component system). A
sharp and well-defined first peak is observed at short distances (r≈ 0.35 nm), correspond-
ing to strong nearest-neighbor correlations and a high probability of finding surrounding
particles at that separation. The absence of long-range order (local structural ordering
decreases as moving to higher distance) confirms the characteristic liquid-like structure.
The overlap of A–A, A–B and B–B curves suggests complete structural homogeneity in
the system.

3.2.2 Asymmetric mixture (epsilon)

For the ϵ-asymmetric mixture (Figure 7b), where interaction strengths differ while molecu-
lar sizes remain unchanged, the RDF profiles retain similar peak positions compared to the
symmetric case. This indicates that the average intermolecular distances are largely unaf-
fected by variations in ϵ. However, noticeable differences in peak intensities are observed,
particularly in the first coordination shell. The B–B interaction shows the highest first peak
intensity, suggesting comparatively stronger self-association among B components than
cross-interactions. Despite these variations, the overall structural pattern remains similar,
suggesting that ϵ-asymmetry primarily influences the strength of correlations rather than
the spatial arrangement.

3.2.3 Asymmetric mixture (sigma)

In contrast, the σ-asymmetric mixture (Figure 7c) shows significant deviations in both peak
positions and intensities among the different interaction pairs. The first peak positions are
clearly shifted, indicating changes in effective molecular diameters and nearest-neighbor
distances. Specifically, interactions involving larger particles (B) exhibit peaks at greater
separations, while smaller particles (A) show peaks at shorter distances. Additionally,
the reduced overlap between A–A, A–B and B–B RDFs highlights increased structural
heterogeneity and preferential packing effects.

Overall, the comparison reveals that ϵ-asymmetry mainly affects the magnitude of lo-
cal structuring by modifying interaction strength, whereas σ-asymmetry has a more pro-
nounced impact on both the spatial distribution and organization of molecules. This indi-
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cates that size disparity plays a dominant role in determining the microscopic structure of
the mixture, leading to enhanced structural differentiation compared to energy asymmetry.

(a) (b) (c)

(d) (e) (f)

Figure 8: Temperature-dependent radial distribution functions g(r) for A–A, A–B, and B–
B pairs in asymmetric mixtures at xA = 0.5. The first column represents A–A pairs, the
second column A–B pairs, and the third column B–B pairs. The first row corresponds to ϵ-
asymmetric mixtures, while the second row represents σ-asymmetric mixtures, illustrating
the influence of interaction strength and particle size on local structural ordering.

Figure 8 shows the temperature-dependent radial distribution functions, g(r), for A–A,
A–B, and B–B pairs in ϵ- and σ-asymmetric mixtures at xA = 0.5. A clear trend observed
across all plots is that with increasing temperature, the height of the first and subsequent
peaks decreases more rapidly this indicates a reduction in local structural ordering in both
ϵ- and σ-asymmetric systems.

The decrease in ordering occurs because, at higher temperatures, particles possess
greater thermal energy, which enhances their mobility and disrupts intermolecular inter-
actions. As a result, the well-defined coordination shells observed at lower temperatures
become less distinct, leading to a smoother g(r) profile that gradually approaches unity.
This behavior confirms that thermal motion weakens short-range correlations and reduces
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the degree of local structuring in the system.

3.3 Compositional Analysis

3.3.1 Symmetric mixture

(a) (b)

(c) (d)

Figure 9: Composition variation of symmetric mixture (single component) at different tem-
peratures (a) 60 K, (b) 80 K, (c) 100 K (d) 120 K.

Composition analysis plays a crucial role in understanding the phase behavior and
thermodynamic properties of multi-component systems. It involves the quantitative de-
termination of the distribution of individual components across different phases, such as
liquid and vapor, under equilibrium conditions.
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Figure 9 represents the composition profiles of the symmetric mixture (single compo-
nent) at temperatures of 60 K, 80 K, 100 K and 120 K. These plots were used to compare
with asymmetric mixtures. In each plot, the mole fraction of the liquid phase of component
A increases linearly with the overall composition, whereas the mole fraction of the vapor
phase varies more gradually. At 60 K, the curve of vapor composition of A is not smooth
because of less sampling.

3.3.2 Asymmetric mixture (epsilon)

(a) (b)

(c) (d)

Figure 10: Composition variation of asymmetric (epsilon) mixture at different temperatures
(a) 60 K, (b) 80 K, (c) 100 K (d) 120 K.

Figure 10 shows the behavior of the asymmetric mixture in equilibrium between the
vapor and liquid at different temperatures. The curve of vapor composition (Avap) at 60 K
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(Fig. 10a) shows significant variations at lower mole fractions because of less sampling
and crosses the curve of liquid composition (Aliq) at about χA ≈ 0.70, indicating that there
is an azeotropic composition. Further increasing the temperature to 80 K (Fig. 10b), the
curve becomes smoother, and the azeotropic point moves slightly further to the higher
composition, approximately χA ≈ 0.75. At 100 K, the same trend is observed (Fig. 10c)
with the azeotrope observed at or near χA ≈ 0.72 with a more gradual change in vapor
composition. At 120 K (Fig. 10d), the composition of the vapor-liquid is closer and the
azeotropic point is shifted to χA ≈ 0.68.

Compared to the symmetric mixture, the azeotropic point shifts toward a higher compo-
sition of component A. This shift occurs due to the relatively stronger interactions among
component B molecules, which favor their retention in the liquid phase.

As a result, fewer B molecules escape into the vapor phase, leading to a decrease
in the vapor-phase composition of B. Consequently, the vapor phase becomes richer in
component A, causing the azeotropic composition to move toward higher xA.

3.3.3 Asymmetric mixture (sigma)

Figure 11 shows the behavior of the vapor-liquid equilibrium of the asymmetric mixture at
different temperatures. At 60 K (Fig. 11a), the curve of the vapor composition is seen to
deviate significantly because of less sampling and crosses at χA ≈ 0.35, indicating that an
azeotropic composition will be present at a rather lowmole fraction. When the temperature
increases to 80 K (Fig. 11b), the curve of the vapor composition will be smoother, and the
azeotropic point will shift to χA ≈ 0.45. The point of intersection of two curves at 100 K
(Fig. 11c) occurs near χA ≈ 0.50, which indicates that the azeotrope shifts almost to an
equimolar composition at higher temperature. The same was observed at 120 K (Fig.
11d), where the azeotropic composition is still around χA ≈ 0.50.

Compared to the symmetric mixture, the azeotropic point shifts toward a lower com-
position of component A. This behavior arises due to the larger size of component B
molecules, which creates a cage-like environment that traps A molecules within the liquid
phase.

As a result, fewer A molecules escape into the vapor phase, leading to a reduced
vapor-phase composition of A. Consequently, the azeotropic composition shifts toward
lower values of xA.
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(a) (b)

(c) (d)

Figure 11: Composition variation of asymmetric (sigma) mixture at different temperatures
(a) 60 K, (b) 80 K, (c) 100 K (d) 120 K.
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3.4 Interfacial Analysis

The Pytim package [45] was employed to investigate the liquid–vapor interface using the
ITIM (Identification of Truly Interfacial Molecules) algorithm [46]. In addition, custom Python
scripts were developed using the MDAnalysis [47] library in conjunction with Pytim to com-
pute the mole fraction of each component at the interface.

(a) Asymmetric (sigma) (b) Asymmetric (epsilon)

Figure 12: Interfacial Composition of A and B at 100 K.

Figure 12 illustrates how the compositions of components A and B change across the
interface under two different types of asymmetry, σ and ϵ. In both cases, as the mole
fraction of A (xA) increases, the amount of A gradually rises while B decreases in a com-
plementary way, reflecting a natural redistribution of the two components across the inter-
face.

In the σ-asymmetric case (Figure 12a), the transition is smooth and gradual. Around
the composition xA ≈ 0.5, both A and B are present in nearly equal amounts. Moreover,
if we equilibrate the system for longer time the mole fraction at the interface of both the
compoenets becomes equal at the azeotropic composition.

In contrast, the ϵ-asymmetric case (Figure 12b) shows a relatively sharper transition.
Here, the mole fraction of B decreases more quickly at higher values of xA, suggesting a
stronger tendency for separation. This behavior can be attributed to stronger B–B inter-
actions, which make B molecules prefer to remain in the bulk liquid phase rather than at
the interface. As a result, more A molecules accumulate at the interface, facilitating the
transition from the liquid phase to the vapor phase. And if we equilibrate the system for
longer time the mole fraction at the interface of both the components becomes equal at
the azeotropic composition.
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3.5 Results of AMOEBA

3.5.1 Density

Density is an important physical property for validatingmolecular simulations and the accu-
racy of the applied force field. Table 2 presents the experimental and simulated densities
at 300 K for pure benzene, pure methanol, and the benzene–methanol azeotropic mix-
ture. The simulated density in TraPPE-UA force field was used from previously reported
results [48] to compare with the AMOEBA force field. The simulated density obtained using
the AMOEBA force field is lower than the experimental and TraPPE-UA densities, implying
a larger intermolecular separation and comparatively weaker molecular interactions. The
simulated densities show a deviation of more than 8% from the experimental values for
the pure components and 14.69% for the azeotropic mixture in the AMOEBA force field.

Liquid Experimental Simulated (AMOEBA) Simulated (TraPPE-UA)
Benzene 868.2 792.5 870.1
Methanol 781.7 660.6 782.3
Azeotrope 840.0 716.6 793.7

Table 2: Experimental and Simulated Density (kg/m3) for pure benzene and methanol at
300K.

3.5.2 Enthalpy of Vaporization

In molecular dynamics (MD) simulations, the enthalpy of vaporization serves as a crucial
benchmark for assessing the accuracy of intermolecular interactions and, consequently,
for validating the applied force field. It also plays a key role in predicting vapor–liquid
equilibria, which are essential for designing efficient separation processes.

The enthalpy of vaporization was calculated using equation 8, where Ugas and Uliquid

represent the potential energies of the gas and liquid phases, respectively, R is the uni-
versal gas constant and T is the temperature. [49]

∆Hvap = ⟨Ugas⟩ − ⟨Uliq⟩+RT (8)

Table 3 presents the values of the enthalpy of vaporization (∆ Hvap) for pure benzene
and methanol. The simulated enthalpy of vaporization in TraPPE-UA force field was used
from previously reported results [48] to compare with AMOEBA force field. Compared to
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the experimental data and TraPPE-UA simulations, the AMOEBA model predicts a lower
enthalpy of vaporization. This behavior correlates well with the density, indicating weaker
intermolecular interactions and consequently lower energy requirements for phase tran-
sition. The simulated results show deviations of more than 25% from the corresponding
experimental data, which does not indicate good agreement with the AMOEBA force field.

Liquid Experimental Simulated (AMOEBA) Simulated (TraPPE-UA)
Benzene 30.70 13.91 39.62
Methanol 37.43 27.12 39.41

Table 3: Experimental and Simulated enthalpy of vaporisation (KJ/mol) for pure benzene
and methanol.

3.5.3 Radial Distribution Function

Pure Benzene (C-C): Figure 13a presents the radial distribution function (RDF) of a
pair of carbon-carbon (C–C) atoms in pure benzene, obtained using the AMOEBA and
TraPPE-UA force field. In the AMOEBA simulation, the g(r) value remains close to zero
up to about 2.5 Å, which means that no carbon atoms come closer than that distance.
After this point, g(r) increases sharply and reaches a strong first peak around 5 Å. This
peak represents the nearest-neighbor C–C interactions. Beyond approximately 10 Å, the
g(r) value levels off at 1, indicating that the molecules are randomly distributed at longer
distances. Compared with the TraPPE-UA force field, both models give very similar RDF
curves. The positions of the peaks are nearly identical, indicating that both force fields
describe the structure of liquid benzene well.

Pure Methanol (O-O): Figure 13b shows the RDF of a pair of carbon-carbon (C–C)
atoms in pure methanol using the AMOEBA and TraPPE-UA force field. The sharp first
peak at r ≈ 2.8 Å arises from strong hydrogen-bonding interactions between methanol
molecules.

BenzeneMethanol Azeotropic Mixture (C-C) and (O-O): Figure 13c shows the radial
distribution function (RDF) for a pair of carbon-carbon (C–C) atoms of methanol molecules
in the benzene–methanol mixture using AMOEBA and TraPPE-UA force field. However,
we cannot conclude any interpretation from this graph. Figure 13d shows the radial distri-
bution function (RDF) for a pair of oxygen–oxygen (O–O) atoms of methanol molecules in
the benzene–methanol mixture using the AMOEBA and TraPPE-UA force field. The first
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(a) (b)

(c) (d)

Figure 13: Radial distribution functions for selected atom pairs, comparing AMOEBA and
TraPPE-UA force fields.
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peak appears around r ≈ 2.8 Å for both force fields, corresponding to strong hydrogen-
bonding interactions between methanol molecules.
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4 Conclusion

This study aims to understand the effect of interactions and size on azeotropic behavior.
And study the shift in the azeotropic point with changes in size and interactions.The simu-
lations were carried out in a wide range of compositions (χA = 0.1 to 0.9) and temperatures
(60 K, 80 K, 100 K and 120 K). The symmetric mixture (single component) and the asym-
metric mixture were studied, in which the parameters of the intermolecular interactions
epsilon(ϵ) and sigma(σ) changed to see how the intermolecular interactions influence the
azeotropic behavior.

The profiles of number density clearly indicated the presence of the vapor and liquid
regions and changed systematically with composition and temperature. Greater density
variations and more distinct structural features appeared at lower temperatures with in-
creased temperature, leading to a smooth distribution of densities as molecular motion
increased. The radial distribution functions showed that there was short-range order near
the liquid phase, and the intensities of the peaks decreased with temperature. A compo-
sition analysis showed that there was a steady correlation between the total mole fraction
and the concentration of each component contained in the system. In addition, interface
analysis conducted on the asymmetric systems revealed that the mole fraction at the inter-
face of both components will become equal at the azeotropic composition, if we equilibrate
for longer time. In single line we can conclude that “The azeotropic behavior is strongly
affected by interaction asymmetry”.

Simulations of the benzene–methanol azeotropic system were also performed using
the AMOEBA force field; however, reliable results could not be obtained due to difficulties
in achieving stable pressure equilibration. In future work, more advanced machine learn-
ing potentials will be explored to improve the accuracy and efficiency of the molecular
simulations.

In conclusion, the findings are useful for understanding the effects of temperature,
composition, and asymmetry of interaction and molecular size of Lennard-Jones mixtures.
The findings are useful in improving the knowledge of the molecular interactions that reg-
ulate the equilibrium of the vapor and liquid in model fluid systems. And also important for
improving separation process in phsyical chemistry.
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