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Adsorption of Water on Sodium Faujasite by Grand 
Canonical Monte Carlo Simulations  

Faujasitic zeolites are employed in a range of industrial contexts including separation processes, gas 
purification and dehydration, and shape selective catalysis. The simulation of the interaction of small 
molecules with faujasite based zeolites is increasingly practical and the resulting information 
provides the basis for efficient materials selection and design. When experimental  data are scarce 
and empirical models insufficiently accurate, the MedeA software environment can be employed to 
provide quantitative property data for faujasitic zeolite systems.  

Keywords: Adsorption, faujasite, water, cations, Grand Canonical simulation, isotherm, Monte 
Carlo  

Introduction 
Zeolites are crystalline microporous silico-aluminates 
that may be synthesized in hydrothermal conditions to 
produce industrial adsorbents of controlled pore 
geometry. The presence of aluminium in the 
framework causes charge defects that are compensated 
by extra-framework cations such as Na, K, Ba, etc. [1]. 
Water plays an important role in the sorption 
properties of zeolites.  

Understanding physisorption in these materials 
requires a molecular-level approach and an 
appropriate account of the various types of interaction, 
especially when polar components like water are 
considered. Grand Canonical Monte Carlo simulation 
[2] is a well-known technique to address sorption on 
such systems, as it is applicable when molecules are 
densely packed in the nanopores with strong 
interactions with the cations. Here MedeA®-GIBBS, 
the Monte Carlo module of MedeA®, is used and 
comparison is made with available experimental data.  

Molecular Simulation  
The number of sorbed molecules in a microporous 
solid may be obtained by a simulation in the Grand 
Canonical ensemble [2], where the imposed 
parameters are the chemical potentials µi of the 
adsorbed compounds, temperature T and volume V. 
The adsorbent is considered as rigid, i.e. the 
deformation energy of the framework is neglected. In 
sorption studies, it is convenient to impose partial 
pressures Pi, which are measured by pressure sensors 
in experiments, instead of chemical potentials µi. At 
pressures below 1 bar, both variables are related by:  

𝜇" ≈ 𝜇"$ + 𝑅𝑇𝑙𝑛
*+
*+,

  

Where 𝜇"$ is the chemical potential at a reference 
pressure Pi0.  

 
Figure 1. Unit cell of the Sodium-Faujasite Na56Y model 
used in the Monte Carlo simulations.The unit cell 
contains 56 sodium cations. 

Computational Details  

A faujasite structure (Figure 1) can be introduced and 
used in MedeA® from any personal, commercial or 
open-access library [4,5]. The sodium cations are 
located according to previous studies [1,3], and 
forcefield parameters are assigned using a combination 
of Lennard-Jones and electrostatic charges [3,6]. 
Periodic boundary conditions are applied.  

The potential energy of interaction between the sorbed 
molecules and the adsorbent is pre-calculated over a 
finely meshed grid that is overlaid on the simulation 
unit-cell. In this approach, the framework atoms have 
no freedom of movement, which accelerates the 
calculation.  

A Grand Canonical Monte Carlo (GCMC) simulation 
consists in inserting and deleting molecules from the 
nanopores and exploring all possible ways that they 
can pack in the pores. The method involves thus 
elementary Monte Carlo “moves” of insertion, deletion, 
rotations and translations of water molecules. The 
rules to perform some changes and reject others are 
such that the equilibrium conditions at the desired 
pressure and temperature are satisfied [2]. For a given 
set of conditions, the outcome of a Monte Carlo 
simulation is not a final configuration of the water 
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molecules in the unit cell, but an ensemble of 
representative configurations. From this ensemble,  

average properties can be computed to compare with 
experimental measurements. For instance, the average 
number of molecules may be compared with the 
equilibrium loading that is recorded by a 
thermogravimetry. Repeating the calculation for 
different temperatures in a loop allows to compute 
water desorption when heating at constant pressure 
(Figure 2). The calculation of an adsorption isotherm is 
performed in an automated loop over pressures 
(Figure 3).  

Results 
The good agreement between simulation results and 
experimental data (Figure 2) illustrates the predictive 
capacity of Monte Carlo simulation for zeolites with 
well-designed forcefields [6,7]. Simulated results are 
determined by the accurate description of electrostatic 
and interatomic interactions [8] and considerable 
effort has been dedicated to providing access to state-
of-the-art forcefields for sorption simulation within the 
MedeA® environment. In addition to supporting 
leading scientific developments, MedeA®-GIBBS 
allows the automation of calculations, such that an 
adsorption isotherm can be obtained through multiple 
GCMC simulations administered from a single 
controlling computation, for example. MedeA®-GIBBS 
also provides post-processing tools to visualize 
molecules in nanopores, characterize their average 
position, draw the adsorption isotherms, and so on. 
Computations on systems such as the ones described in 
this note are completed in only a few hours on a few 
cpus. 

With MedeA®-GIBBS Monte Carlo simulation can now 
be efficiently employed in the simulation of a range of 
system types and compositions. The resulting 
capability makes sorption simulation, using GCMC, 
accessible in optimizing and understanding 

separation, ion exchange, carbon sequestration, shape 
selectivity, fluid catalytic cracking, and pressure swing 
adsorption based processes. 
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MedeA® modules used for this application  

•  The MedeA® environment 
•  MedeA® Flowcharts   
• JobServer and TaskServers 
•  MedeA®-GIBBS module for the Monte Carlo 
simulations  

 

Figure 2. Water sorption in Na56Y faujasite versus 
temperatures. Water partial pressure is 1690 Pa.  

 

Figure 3. Water sorption in Na56Y at 423 K; simulation 
results.  
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Structural Properties & Surface Area of Clay Minerals 
In this note, we illustrate the predictive power of MedeA® for characterizing clay minerals by means 

of forcefield based Molecular Dynamics and Grand Canonical Monte Carlo. 

Keywords: clays, clay minerals, forcefield, physisorption, BET, surface area 

Introduction 
Clay minerals are widely encountered in  industrial 
processes ranging from ceramics manufacturing, oil 
exploration and production, nuclear waste storage to 
management of water resources and civil engineering 
or soil science. 

Given the small size of clay particles and their rather 
complex chemistry, these materials are unsuitable for 
structural analysis such as single-crystal X-ray 
diffraction. Molecular modeling on the other hand 
allows for straightforward analysis of clay mineral 
structural properties. 

In this note, we compare computed structural 
properties of clay minerals with experimental data, 
wherever such data is available. Calculated properties 
include cell parameters, atomic positions (in particular 
H positions) and internal surface areas. The 
assessment of the interactions of clay minerals with 
fluids (thereby influencing adsorption capacity, 
swelling, cation exchange and diffusivity) is subject to 
a separate application note.  

Molecular Modeling  
The initial structures used here are obtained from the 
Inorganic Crystal Structure Database (MedeA-
InfoMaticA) (Boehmite, Portandlite, Kaolinite and 
Pyrophyllite).  

To begin with, we employ molecular dynamics (MD) 
simulations as implemented in MedeA-LAMMPS to 
relax atomic positions and cell parameters of bulk clay 
minerals and clay pores. To do so, we run subsequent 
NVT and NPT ensembles calculations of a duration of 
100-200 ps for each ensemble. 

The resulting structures are then subjected to Grand 
Canonical Monte Carlo (GCMC) simulations (MedeA-
GIBBS), where simulated BET [2] analysis is 
performed to determine the specific surface area of the 
clay pore(s).  

Table 1. Methods for determining clay mineral properties 
from experiment and molecular simulation.  

The CLAYFF forcefield [1] is used to describe the clays 
in both MD and MC simulations. For nitrogen, a 
molecular model with two force centers on the nitrogen 
atoms and three charges is being used [7].  

Results 
Boehmite [AlO(OH] and Portlandite [Ca(OH)2] are two 
minerals composed of octahedral layers (O). Kaolinite 
[Al2Si2O5(OH)4] and Pyrophyllite [AlSi2O5(OH)2] are 
two clay minerals respectively composed of tetrahedral 
(T) and octahedral (O) layers (specifically: TO and 
TOT) (Figure 2).  

The hydrogen position is generally undetermined in 
the crystallographic data. Therefore, hydrogen atoms 
are initially positioned according to general 
observations and chemistry constraints and their final 
position is obtained from the resulting configurations 
of the MD simulations.  

Cell parameters, angles and densities are obtained by 
NPT simulations and compare well to published 
experimental data (Figure 3).  

  

Figure 1. Left: Böhmite and Natrolite from Sagåsen 
(Strandåsen), Mørje, Porsgrunn, Telemark, Norway [8] 
(Field of view 10 mm); Right: Kaolinite [9].  

Property  Experimental 
Method  

Simulation 
Method  

Unit Cell 
Parameters  Diffraction  

Energy 
minimization, 
MD NPT 
simulation  

Local Atomic 
Coordination  

EXAFS, 
Structure Factor  

Radial 
Distribution 
Function from 
MD and/or MC 
simulation  

Mechanical 
Properties  Nanoindentation  

Energy 
minimization, 
MD simulation  

Surface Area  N2 BET at 77K  
N2 BET at 77K, 
GCMC 
simulation  
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The specific surface area is calculated using the BET 
equation [2]:  

-
./	(-,2-)

= 	 5
.67

+ 725
.67

. -
-,

  

where 𝑛9 is the sorbed amount of N2, 𝑝 𝑝$ is the relative 
pressure and 𝑛; is the monolayer capacity of N2 per 
simulation box.  

Plotting <
=/	(<,><)

= 𝑓( <<,) permits us to calculate 𝑛; 

and therefore the surface area, A(BET) : 

𝐴(ABC) = 𝑛;	. 𝑎; 

where 𝑎; is the molecular cross-sectional area of the 
N2 molecules equals to 0.162 nm² at 77 K (Figure 4). 

The surface of pyrophyllite per simulation box, A(BET), 
is equal to 17.21 nm². which for our system gives a 
specific surface area of 13.7 m2/g of clay (our system 
contains 7 layers and a pore width ~3.5 nm).  

At low relative pressure, nitrogen forms one layer on 
clay surface. As pressure increases, a second nitrogen 
layer is formed. Further increase of the pressure leads 
to multilayer formation and finally filling of the pore 
with liquid nitrogen at pressures near the saturation 
pressure of nitrogen.  

Conclusions  
We have demonstrated the ability to use forcefield 
simulations (Molecular Dynamics and Monte Carlo) to 
describe clay minerals both in bulk form and when 
forming nanopores. Here, we examine the properties of 
a pore of a fixed size and shape and its formation is not 
part of this note but clay swelling and relevant 
phenomena are addressed in another application note.  

Characterization of such systems can be performed by 
means of molecular simulation, reproducing the 
experimental methods that are largely used for this 
purpose, such as BET surface area calculation with 
nitrogen adsorption at 77 K.  

In the simple pore geometry used in this note, the 
surface area is actually input of the model and this 
example serves only as a demonstration of how a 
surface area calculation takes place, which is essential 
for more complex geometries, where a simple 
geometric determination is not an option. 

Characterization of such systems is the first step and a 
very important one in the study more complex 
phenomena like the adsorption and diffusion of 
organic mixtures in the presence of water or inorganic 
compounds, like CO2, in pores of different sizes and 
geometries. 

 

  

  
Boehmite Kaolinite 

  
Portlandite Pyrophyllite 

Figure 2: Clay mineral structures simulated with 
CLAYFF (NPT simulation for 100 ps, 300 K, 1 bar).. 
Atom color code: O (red), H (white), Al (purple), Si 
(yellow) and Ca (blue). 

 

Figure3: Summary of structural properties from Molecular Dynamics (NPT Simulations at 300 K, 1 bar for 100 ps).  
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MedeA® modules used in this application  

• The MedeA® environment with 
• Flowcharts   
• JobServer and TaskServer 
• InfoMatica with ISCD database  
•  MedeA-LAMMPS for Molecular Dynamics 
• MedeA-GIBBS for Monte Carlo simulations  

  

   
Figure 4: BET graph & Snapshots of nitrogen adsorption on pyrophyllite at 77 K and different relative pressure (0.02 on the 
botom left, 0.07 in the middle and 0.09 on the right). Only part of the simulation box is shown, with part of the solid and part of 
the pore. Atom color code: O (red), H (white), Al (purple), Mg (green) Si (yellow), Na (dark blue), N (light blue).  
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Micelle formation by a Short Chain Cationic Surfactant 
The formation of micelles by surfactants was followed by molecular dynamics calculations performed 
with MedeA®-LAMMPS and using the PCFF+ forcefield. An initial model with a random distribution 
of C9TAC surfactant molecules was built using the MedeA® building capabilities, such as the 
Molecular Builder and the Amorphous Materials Builder.  Results are in agreement with previous 
simulation studies [1] and available experimental data [ 2].   

Keywords: surfactants, self-assembly, micelle formation, colloids, C9TAC, MD, pcff+ Surfactants 

Surfactants are used as performance additives for a 
wide variety of industrial as well as personal and home 
care applications: household detergents, cosmetics, 
industrial cleaning, enhanced oil recovery, hydraulic 
fracturing, crop protection, paints and coatings, textile 
softeners, etc. 3. Surfactants reduce the surface tension 
of a liquid, the interfacial tension between two liquids, 
or that between a liquid and a solid.  

They are usually organic amphiphilic compounds 
consisting of a lipophilic (hydrophobic) tail and a 
hydrophilic head:  

§ Tail: they can have one or two tails usually 
consisting of hydrocarbon chains which are fairly 
similar in most surfactants 

§ Head: depending on the nature of the hydrophilic 
part they can be classified as (see Figure 1): 
• Anionic 
• Cationic 
• Amphoteric 
• Non-ionic 

Due to the amphiphilic nature of these systems, 
aggregates such as micelles (Figure 2) are formed in 
bulk aqueous phase at intermediate surfactant 
concentrations. The lipophilic tails form the core of this 
self-assembled structure and the hydrophilic heads 
form an outer layer in contact with water.  

The mechanism of micelle formation can be followed at 
the molecular level using molecular dynamics 
simulations starting from a random distribution of 
surfactant molecules in aqueous solution.  

Molecular Modeling  
Figure 3 shows a molecule of C9TAC (n-
nonyltrimethylammonium chloride), a cationic 
surfactant with a relatively short chain (9 carbon 
atoms). 

 

 

(a) 

(b) 

(c) 

(d) 

Figure 1. Classification of surfactants according to the 
nature of the head (a) anionic (b) cationic (c) amphoteric 
(d) non-ionic.  

 
Figure 2. Surfactant micelle in water. Micelles are particles 
of colloidal dimensions that exists in equilibrium with the 
molecules or ions in solution from which it is formed. 

 

 

Figure 3. C9TAC surfactant molecule (only the cationic part of 
the molecule is displayed) 
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A molecule of C9TAC can easily be sketched using the 
MedeA® Molecular Builder. Using the MedeA® 

Amorphous Materials Builder, we generate an 
amorphous model containing 48 molecules of C9TAC 
and 3,000 molecules of H2O at a temperature of 300 K 
and at an initial density of 0.8 g/ml. 

This constructed cell is first subjected to an energy 
minimization. After minimization, molecular 
dynamics at a constant temperature of 300 K and 
pressure of 1 atm (NPT-MD) takes place for a period of 
at least 3.5 ns. The time step is 0.5 fs for the initial 100 
ps and 1 fs for the rest of the dynamics. The LAMMPS 
simulation program (Large-scale Atomistic-Molecular 
Massively Parallel Simulator 4) was used for this 
computation. The forcefield used is PCFF+ [5].  

Results  

Figure 4a shows the initial random distribution of the 
surfactant cations at a concentration above the 
expected critical micelle concentration. After only 100 
ps of NVT molecular dynamics run (see Figure 4b), 
different areas of high and low density can be seen in 
the model.  The snapshot taken at 500 ps NVT-MD (see 
Figure 4c) shows the formation of three aggregates that 
already suggest a spherical shape. The chains, which 
are not part of the aggregates, are clustered in smaller 
groups of 2-4 molecules. Figure 4d shows the 
arrangement of the molecules at the end of the 
simulation, after 3.6 ns. Three spherical micelles can 
be distinguished. They contain 16, 15 and 10 molecules 
respectively. The rest of the surfactant molecules form 
a cluster with a rather indistinct shape.  

These micelles are better visualized in Figure 5.  

The radial distribution function between the nitrogen 
atoms of the surfactant molecules averaged over the 
last 400 ps of simulation is shown in Figure 6. Note the 
main peak at around 9 Å in agreement with previous 

calculations 1. Water molecules and chloride ions are 
organized to a high extent around the nitrogen atoms 
of the surfactant molecules. This can be observed in 
Figure 6 showing the radial distribution function 
calculated between the nitrogen atoms of the 
surfactant molecules and the oxygen atoms of the 
water molecules (red line) and between then nitrogen 

 

Figure 4. Distribution of C9TAC cations (the water 
molecules and the chloride counterions are not displayed 
for clarity) (a) Intial random distribution generated by 
the MedeA® Amorphous Materials Builder (b) after 100 
ps NPT-MD (c) after500 ps NPT-MD (d) after 3600 ps 
NPT-MD. 

 

Figure 5. Distribution of C9TAC cations (the water 
molecules and the chloride counterions are not displayed 
for clarity) after 3600 ps NPT-MD. 
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atoms and the chloride ions (blue line).  Water 
molecules seem to be somewhat closer to the cationic 
head of the surfactant than chloride ions.  

 

Figure 6. Radial distribution function for the nitrogen 
atoms of the C9TAC surfactant molecules (black line), 
between the nitrogen of the C9TAC molecules and the 
oxygen atoms of the water molecules (red line) and 
between the nitrogen of the C9TAC surfactant molecules 
and the chloride ions (blue line), averaged over the last 
400 ps of NPT-MD run. 

Conclusions 
 Atomistic, explicit-solvent simulations can provide a 
detailed understanding of the static and dynamic 
behavior of surfactant micelles. As pcff+ is valid in a 
large range of conditions for numerous chemical 
families, MedeA® is an excellent tool for exploring the 
influence of operating conditions (temperature, 
salinity, pressure, co-surfactants, etc.) for optimal 
formulation of additives in a given context. The 
MedeA® flowchart interface allows the construction of 
automated complex workflows that can be used with a 
collection of different initial systems facilitating these 
types of studies. For example, the effect of salinity on 
micellization can be assessed using a single flowchart 
that encompasses the minimization, long molecular 
dynamics calculation and calculation of radial 
distribution functions on a set of initial models with 
different salt concentration. 

The results shown here were obtained in less than 3 
days using a standard workstation with 12 cores. 
C9TAC is a short chain surfactant, but the moderate 
computational requirements needed for this 
calculation indicate that this type of study can be 
performed for larger surfactants with very reasonable 
effort. 

Perspectives  
Molecular simulations contribute to the understanding 
of surfactant dynamics in simple systems as well as in 
mixtures with co-surfactants. Micelle formation 
mechanisms may be described quantitatively by 
following the time evolution of surfactant self-
assembly.  

The atomic-level understanding of surfactant 
dynamics and kinetics in complex environments is a 
key ingredient in designing high-quality additives for 
specialized industrial applications encountered in the 
oil and gas industry: from oil well drilling, hydraulic 
fracturing, reservoir injection, oil well production and 
surface plant processes to pipeline and seagoing 
transportation of petroleum emulsions.  
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Properties of natural gases in classical and in high 
pressure-high temperature conditions  

In this note, we illustrate the predictive power of MedeA® in describing the influence of pressure, 
temperature and composition on natural gas behavior, up to the conditions of HP-HT gases. 

Keywords: natural gas, HP-HT conditions, ideal heat capacity, Joule Thomson coefficient, 
compressibility, speed of sound  

Introduction 
Typical HP-HT conditions may be defined by fluid 
pressures in excess of 50 MPa or temperatures above 
150°C, as encountered in deep reservoirs below the 
North Sea, the Caspian Sea, the Gulf of Mexico and 
offshore Brazil, among others. Under these conditions 
natural gas may contain hydrocarbons with chain 
length of as much as 30 carbon atoms and a methane 
content higher than 60% (molar concentration) [1]. 
Because of the high temperature, water content may be 
significant, and further, H2S or CO2 contents may be 
elevated in some HP-HT reservoirs.  

Under these conditions, the use of standard equations 
of state to compute volumetric properties becomes 
questionable. Nevertheless precise knowledge of 
volumetric properties is desirable for the following 
reasons:  

• The amount of gases and liquids that can be 
produced by primary recovery directly depends on 
the volumetric properties 

• During production, these fluids are known to heat 
up in an adiabatic expansion; this should be 
considered when selecting well equipment [2].  

PVT measurements under high pressure require heavy 
instruments, with long delays and high costs as a 
consequence. Also, the small volume of gas sample 
available makes direct measurements very difficult for 
some properties (e.g. Joule-Thomson coefficient).  

From today’s perspective, recent advances in 
computational power, molecular simulation 
methodologies and graphical user interfaces have 
rendered complex mixtures accessible for molecular 
simulations, provided their composition is known from 
analysis [3].  

Also in favor of molecular modeling speaks the fact that 
computational parameters developed by validating 
against well-known pure compounds [4] are 
transferable to heavier hydrocarbons.  

Methods 
In order to obtain the thermodynamic properties of 
ideal gases at any desired temperature, we used the 
quantum molecular software MOPAC with the semi-
empirical potential PM7 [5].  

Simulating fluid mixtures at high pressure is done 
using Monte Carlo sampling as available in the 
MedeA®-GIBBS software (single phase simulation in 
the isobaric-isothermal NPT ensemble). Combining 
this approach with molecular quantum mechanics 
allows to obtain thermodynamic properties like the 
Joule-Thomson coefficient [4] or the speed of sound 
for mixtures, in non-ideal conditions. In applying this 
method we have used the AUA forcefield for 
hydrocarbons, similarly to previous work [2]. 

Results 

 

 
Figure 1. Simulation of molar heat capacity Cp (top) and the 
Joule-Thomson coefficient (bottom) of ethane at 377.5 K 
with MedeA®-Gibbs compared with experimental 
measurements [6]. 
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Figure 2. Compressibility factor of a real condensate gas 
(system C of ref. [7], see table 1) compared with  
MedeA®–GIBBS simulations.  

Simple pure fluids like ethane are very well described 
as can be seen in Figure 1.For a more complex natural 
gas mixture [7] in the modest pressure range of 20-
30MPa (Figure 2), the influence of temperature and 
pressure on the compressibility factor Z (Z= PV/RT) is 
well captured.  

Here, the reason of the systematic difference between 
observed and predicted compressibility factor is likely 
to stem from the uncertainty of composition as given in 
Table 1.  

A third example is a HP-HT gas (Figure 3) already 
investigated by molecular modeling. In agreement with 
previous investigations, our computations predict the 
correct density curve (Figure 4) and the correct 

inversion pressure of the Joule-Thomson effect (Figure 
5). In this example, direct measurements of the Joule-

Thomson coefficient were not possible, and solely the 
inversion pressure (42 MPa) at the reservoir 
temperature (463 K) could be measured [1]. From 
Figure 5 it appears that upon increasing pressure the 
Joule-Thomson coefficient goes through a minimum at 
-0.4 K/MPa.  

 

 

Figure 3. Top:  Composition (mass fraction) assumed for 
MedeA®-GIBBS simulations of the HP-HT natural gas 
(adapted from [2] with minor simplifications); Bottom: 
Prediction of ideal heat capacity Cp,id at 463K by 
quantum mechanics and vibrational analysis (MOPAC-
PM7 ) for each component at 463K, and comparison with 
reference data (DIPPR, NIST, IUPAC) at the same 
temperature. AAD vs reference data is 2.8%. 

Other properties of industrial interest can be derived 
from MedeA®-GIBBS like the sound velocity of the 
fluid (Figure 6).  

It can be seen that the speed of sound of the natural gas 
increases significantly with pressure. This may have 
consequences in the interpretation of seismic data, 
because the sound velocity in fluids influences the 
propagation of acoustic waves in sediments. 

Table 1: Molecular model of the natural gas (system C of 
ref. [7] ) using the same compounds as in the original 
publication.  

compound	 nb	of	molecules	 mol	%	
CO2	 1	 0.2	
methane	 408	 81.6	
ethane	 24	 4.8	
propane	 23	 4.6	
2-methylpropane	 6	 1.2	
n-butane	 9	 1.8	
2-methylbutane	 5	 1.0	
n-pentane	 4	 0.8	
n-hexane	 9	 1.8	
n-heptane	 3	 0.6	
n-octane	 5	 1.0	
n-nonane	 3	 0.6	
Total	 500	 100	
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Figure 4. Density of a HP-HT natural gas from 
experiments (system B of [1]) and from MedeA®-GIBBS 
simulations at 453 K.  

Due to this effect, the gas-saturated reservoir in high-
pressure conditions (100 MPa) is less likely to display 
a sharp decrease of seismic velocity as it does in low-
pressure conditions. 

Conclusions – Perspectives  

 

Figure 5.  Joule-Thomson coefficient of HP-HT natural gas 
from MedeA®-GIBBS simulations at  463 K. The black 
square is the inversion temperature determined from 
experiments at 463 K after Lagache et al [2].  

Starting just from the composition of a given fluid, 
MedeA®-GIBBS accurately predicts its 
thermodynamic properties. The success of the method 
is founded on efficient statistical mechanics and 
comprehensive libraries of forcefield parameters 
building on both experimental data and high precision 
molecular quantum mechanics. 

In addition, molecular simulations are less limited 
than equations of state when introducing polycyclic 
aromatic fractions, for which few experimental 
measurements are available. As these fractions 
contribute significantly to increasing the liquid 
density, accounting for their presence in the model 
composition allows for more precise calculation of 
volumetric properties. 

 
Figure 6. Speed of sound of the HP-HT reservoir fluid 
determined from the molar volume and from the 
isentropic compressibility at 463K.  
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MedeA® modules used for this application  

•  The MedeA® environment 
•  MedeA® Flowcharts   
•  MedeA® JobServer and TaskServers 
•  MedeA®-MOPAC module  
• MedeA®-GIBBS module 


