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Abstract

Phase equilibrium modelling plays a crucial part in chemical engineering. The chemical and oil
industry handle systems with phase equilibriums of hundreds of compounds, which vary from
being organic or inorganic having a polar or nonpolar part or being a small molecule to long and
branched hydrocarbons. An accurate model in prevailing conditions is needed for successful and
feasible design. A poor model can lead to over- or undersizing, which can cause a big safety issue
and lead to significant value losses.

Over the years a various models and methods have been proposed and in this thesis the volume-
transalate Peng-Robinson (VIPR) model by Ahlers et al. [1] is evaluated as a new promising
solution. The aim of VIPR model is to predict more accurately saturated liquid densities, extend
the scope further in the supercritical domain and enhance prediction of the asymmetric systems.
VTPR model features volume translation to correct systematic error in volume, Gibbs free energy
with binary interaction parameters and temperature dependent pure component specific alpha
function.

In this thesis’s applied part VITPR model alpha function and its parameters were evaluated com-
prehensively. Alpha function parameter regressions were carried out with two separate methods,
which both utilize Aspen Plus process simulator and RStudio R programming environment. This
thesis points out that VITPR model can accurately describe various pure component and mixture
properties in varying conditions. The biggest weakness was found to be specific heat capacity

prediction where the VTPR model failed in many cases.

Keywords cubic equation of state, volume-translated Peng-Robinson, VITPR, alpha function,

Twu91, consistency, parameter regression
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Tiivistelma

Faasitasapainon mallintaminen on tarkedssd asemassa kemiantekniikasa. Kemian- ja oljyteol-
lisuuden proseseissa on systeemeja, jotka muodostuvat jopa sadoista komponenteista. Komponentit
voivat olla orgaanisia tai epdorgaanisia, poolisia tai poolittomia tai olla kooltaan suuria hiiliketjuja
tai todella pienid molekyyleja. Naihin vaihteleviin olosuhteisiin vaaditaan tarkka malli, jotta suun-
nittelutyo voi onnistua. Huonosti toimiva malli voi johtaa yli- tai alimitoitukseen, joka voi aiheuttaa
suuria turvalisuusriskeja ja siten arvonmenetyksia.

Vuosien saatossa on kaytetty monia malleja ja tapoja mallintaa kemiallisia prosesseja. Uutena
lupaavana vaihtoehtona Volume-translated Peng-Robinson (VTPR), jonka Ahlersin tutkimus-
ryhmé[1] on luonut, arvioidaan téssi diplomitydssd. VITPR mallin tavoite on parantaa nestefaasien
tiheyden mallinnustarkkuutta, laajentaa toiminta-aluetta pidemémlle superkriittisen pisteen yli
ja tarkentaa asymmetristen systeemien mallinnusta. VIPR mallin tarkeimpié ominaisuuksia ovat
volume-translation parametri, joka korjaa systemaattista virhetta tilavuudessa, Gibbsin vapaan en-
ergian binddrivuorovaikutus parametrit ja lampdotilariippuvainen puhtaan komponentin alfa funktio.
Tamén diplomityon soveltavassa osassa VIPR mallin alfa funktio ja sen parametrit ovat tutkimuk-
sen kohteena. Alfa funktion parametrien sovitus toteutetaan kahdella eri metodilla, jotka molem-
mat hyodyntéavat Aspen Plus prosessisimulaattoria ja R ohjelmointia RStudio kehitysympéaristossa.
Tarkeimpia havaintoja ovat VTPR mallin kyky ennustaa tarkasti hoyrynpaineita puhtaille aineille.
Suurimmaksi heikkoudeksi osoittautui ominaislampdkapasiteetin ennustaminen, missd VITPR malli

alisuoriutui useammassa tapauksessa.

Avainsanat tilanyhtalo, kuutiollinen tilanyht&lo, tilavuus muunnettu Peng-Robinson, alfa funktio,

Twu91l, parametri sovitus
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Symbols and abbreviations

Symbols
A EOS specific constant
a attractive parameter
b repulsive parameter
c volume translation parameter
ciflt saturated liquid heat capacity
cf Excess specific heat capacity
AHyqp enthalpy of vaporization
hF Excess enthalpy
n number of moles
P pressure
pst saturated vapour pressure
Q relative surface area
R gas constant
T temperature
U reduced liquid phase volume
v Volume
v molar volume
w weighting factor
z compressiblity factor
gL, residual excess Gibbs energy
Anmy Onms Com adjustable group interaction parameters
L,M,N alpha function component specific parameters
X, Y. Z alpha function consistency parameters
Q@ alpha function

v activity coefficient



w

6,0, ¢

Abbreviations

ASW
AZD
cEOS
COBYLA
COM
CP
DIPPR
DHVL
EOS
ISRES
GLE
LLE
NIST
NRTL
MAPE
PR
PSRK
RK
SLE
SRK
VLE
VTPR
PL

activity coefficient at infinite dilution -
surface area m
group interaction parameter -
acentric factor -

cEOS parameter -

Aspen simulation workbook

Azeotropic data

Cubic equation of state

Constrained Optimization BY Linear Approximation
Component object model

Specific heat capacity

Design Institute for Physical Properties
Enthalpy of vaporization

Equation of state

Improved Stochastic Ranking Evolution Strategy
Gas solubility

Liquid-liquid equilibrium

National Institute of Standards and Technology
Non-random two-liquid model

Mean absolute percentage error

Peng-Robinson

Predictive Soave-Redlich-Kwong
Redlich-Kwong

Solid-liquid equilibrium

Soave-Redlich-Kwong

Vapour-liquid equilibrium

Volume translate Peng-Robinson

Vapour pressure



Introduction

Phase equilibrium modelling plays a crucial part in chemical engineering. The chemical
and oil industry handle systems with phase equilibriums of hundreds of components, which
vary from organic to inorganic, having a polar or nonpolar part, or being a small molecule
to long and branched hydrocarbons. An accurate model in the prevailing conditions is
needed for successful and feasible design. A poor model can lead to over- or undersizing,
which can cause safety issues and lead to significant value losses. Over the years multiple

different models have been proposed to estimate the properties of a system’s equilibrium.

2]

This thesis gives a short presentation of different ways to model phase equilibrium, focusing
on equation of state models (EOS) and more closely on the cubic equation of state (cEOS)
models. The main focus is on the volume-translated Peng-Robinson (VTPR) model and
the goal is to evaluate the basic characteristics of the VIPR model in the literature part
and dig deeper into the specifics in the applied part and examine model’s performance
and feasibility in various cases. The applied part in mind, the parameters and different
factors of the model will be evaluated comprehensively in the literature part and the most

important findings on the relevant papers handling the VITPR model are presented.

The applied part focuses on the so called alpha function which is the pure component
temperature dependent factor in the VI'PR model. The goal is to understand the charac-
teristics and limitations of the alpha function and learn the best practice to regress alpha
function parameters. Understanding the alpha function’s effect on the VI'PR model per-
formance is crucial for feasible modelling work. The regressed parameters are compared
with other parameter sets and tested together with pure component properties to verify

the overall VTPR model performance.



Literature part

In the literature part different models for presenting thermodynamic phase equilibrium of
pure components and mixtures are presented. The first part covers the evolution of the
models and gives a short comparison between so called equation of state models (EOS)
and activity coefficient models. This thesis focuses on the equation of state models and
especially on their advanced variations. The core of this thesis is the volume-translated
Peng-Robinson (VTPR) model which is discussed comprehensively and evaluated as a new
promising candidate for versatile thermodynamic modelling. The theory part introduces
shortly the main parts of the history of thermodynamic modelling and the background
of the most essential models. The applied part continues with a study of VIPR model

performance.

1 Phase equilibrium modelling

Thermodynamic equilibrium models are mathematical expressions to represent physical
world phenomena. A system may consists of a gas, liquid and solid phases and one system
can have multiple liquid and solid phases, but only one gas phase. Thermodynamic models
attempt to predict the number and type of the phases, phase compositions and phase
properties. Thermodynamic models provide information on phase equilibrium, densities
and enthalpies which are key properties used in further calculations. For example, accurate
density values, obtained from thermodynamic models, are essential for viscosity modelling,
which is a transportation property and calculated with separate correlations. All process
design and equipment sizing rely on property models and the accuracy of the design can

vary significantly if the model does not perform properly. [3]



1.1 Background

The very first phase equilibrium model was the ideal gas law by Emile Clapeyron in 1834.

After few simplifications the equation took the following form [4]:

pV =nRT (1)

This well known equation describes the relation between pressure, volume, the number of
moles and temperature as an understandable equation. The ideal gas law is simple and
flexible, but is only suitable for gases at low pressures. In addition the gas must be close
to ideal (i.e the components do not interact with each other), which is infrequent in real
world cases. It can be concluded that the ideal gas law is mathematically simple and easy

to understand, but suffers from a strict scope of use. [3]

The virial equation of state was the first attempt to generalize the ideal gas law to apply
to all gases and vapours. It is developed with a power series with the parameters B, C,

D... The virial equation is usually expressed as a compressability factor z. [5]

_pnv _
 RT v v

2(T,v) + ... (2)
In theory, the virial equation can have unlimited amount of factors (E(7T), F(T) ...) which
can be connected to the functions describing intermolecular forces. Unfortunately the
fourth virial factor (E(T')) is unknown in nearly for all components and even the third
factor (D(T)) is unknown in most cases. This complexity limits the use of the virial
equation and leads to limitation: virial equation can be utilized only with pure gases at

low or moderate pressures. [6]



A good phase equilibrium model should be as simple and flexible as possible, but still aim

to fulfill three desirable features [7]:

1. The model is suitable for any type of substance
2. The model can be used in any pressure, temperature or composition combination

3. The model covers all the phase types and any number of phases can be modelled

It can be concluded that a good phase equilibrium model can be used in all situations and
is mathematically solvable. Current phase equilibrium models rarely satisfy more than one
or two desirable features and usually only at a given range. As a consequence: the correct
model must be chosen according to the conditions. The end result may be an undesired
case where a model that produces great results in one system can fail entirely when the

conditions are changed. [7]

1.2 Mathematical approaches of phase equilibrium modelling

Generally phase equilibrium models can be divided in two categories according to their

mathematical approach [6]:

1. Activity coefficient models, also called gamma-phi models y- ¢

2. Equation of state models, also called phi-phi models ¢- ¢

Activity coefficient models, as the name implicates, rely on the activity coefficient, which
can be generalized as a correcting factor for concentration [3]. Activity coefficients are
calculated for the liquid phase and in practice the activity coefficient corrects non-ideality
and gives the theoretical ”active concentration” value. The value of the activity coefficient
depends on the so called standard state, which can vary, but is usually saturated liquid at

a given temperature. [2]

Traditionally activity coefficient models have been performing better with highly non-ideal

liquids, but have been more inconsistent in critical regions when compared to equation



of state models. As the activity coefficient models can only describe the liquid phase,

equation of state models are needed to model the possible gas phase. [2, §]

Activity coefficient models can be divided into two categories: correlative and predictive
models. Correlative models require experimental data to optimize the model parameters.
Examples of correlative models are Wilson, NRTL and UNIQUAC. Predictive models base
on ”universal” correlations of molecule subgroups and do not require experimental data
for the system modelled. Calculations base on molecular structure and the interactions
between different molecule subgroups. One example of a predictive model is the UNIFAC

model. [2, 7]

Equation of state models are mathematical correlations between temperature, pressure and
molar volume and only equation of state models can produce full phase envelopes, including
critical points. [2, 9] The previously presented ideal gas law (Equation 1) is the simplest
example of an equation of state model. As stated previously it is simple and flexible, but
suffers from narrow scope of use. Hundreds of different EOS models are developed over
the years with different scopes and uses. [2] The most important models that lead to the

VTPR model are presented in the next sections.



2 Cubic equation of state models

Cubic equation of state (cEOS) models were the first type of equation which could explain
vaporization, condensation, two-phase regions and the critical property phenomena. It was
groundbreaking to be able to describe both liquid and gas phases with one equation. [3]
Nowadays cEOS are the most widely used models to describe thermodynamic systems due
to their robustness and analytical approach. There are many applications and adaptations

but all of them base on the Van der Waals equation [6]:

RT a

Where p is pressure, R gas constant, T temperature, v molar volume, a and b EOS specific
parameters. Parameter a measures the attractive forces between molecules and is also
called the ”energy parameter”. Parameter b measures the size of the molecules and is also
called the ”co-volume parameter”. [10] The Van der Waals equation, and therefore all its

successors, assume the additivity of separate compressability factors [6]:

Z = Zrep + Zatt (4)

The subscripts rep and att represent intrinsic volume of molecules and the attractive inter-
molecular forces, respectively. The expression does not correctly quantify the contribution
of the terms, but is sufficiently accurate to justify the assumption of additivity. [10] The
most well known and most used cubic equation of state models are the Redlich-Kwong
(RK), Soave-Redlich-Kwong (SRK) and Peng-Robinson (PR). In addition, several hun-
dreds of modifications to these models have been proposed over the years. [2] All these
model can be stated with general form of the Van der Waals equation with parameters 6,

0 and € [6, 11]:



RT 0

P= -
v—>b vZ4+v+te

()

Depending on the model the parameters will have different values. The values for chosen

cEOS models are presented in Table 1.

Table 1: General cubic equation of state parameters for different models [6]

Equation 0 § €
Van der Waals a 0 0
Redlich-Kwong T3 b 0
Soave-Redlich-Kwong a(T) b 0
Peng-Robinson a(T) 2b —b?

The overall performance of the Soave-Redlich-Kwong model and the Peng-Robinson model
are better than the Van der Waals model, but as it can be seen from Table 1, also the

complexity has increased significantly [6].

Even though the model would predict pure component properties correctly, there is one
essential problem behind all these models: predict the mixture properties correctly. For

solving the problem of mixtures, the mixing rules were introduced. [2]

Mixing rules are mathematical expressions describing the effect of different pure compo-
nents in the mixture properties. Multiple different mixing rules are proposed and they
include utilizing pure component properties, correlations and correlated component spe-
cific parameters. Mixing rules have a great effect on model accuracy and multiple variations

have been proposed to describe mixture effects. [2]

In addition to the mixing rule problem, all classical cEOS models suffer similar problems:
extrapolations are unpredictable especially when approaching the critical domain and the
accuracy of liquid phase densities are poor. [2] Multiple approaches to tackle this effect

have been suggested and they usually include temperature dependent correlations. The



VTPR model has proven itself a worthy candidate when considering both extrapolation to

the supercritical domain and the liquid phase densities. [12]

2.1 Peng-Robinson

Before introducing the VI'PR model it is justifiable to introduce the model which the
VTPR is based on. In this section the basics of the Peng-Robinson EOS are covered and
the details of different parameters are described more closely in the VI'PR section. Din-Yu
Peng and Donald Robinson developed the Peng-Robinson equation of state in 1976. It is a
formulation of the Van der Waals equation and aims to improve results on ”liquid density
values as well as accurate vapor pressures and equilibrium ratios”. [13] The equation is

the following [13]:

RT a(T)
v—>b  v(v+Db)+b(v—b)

p= (6)
Where p is pressure, R is the gas constant, T is temperature, v is molar volume, b the
is repulsive parameter and a the is attractive parameter. The parameters a and b are

described with the critical properties of a component [13, 14]:

RT.
b=0.
077507, (7)
a = ac.a(T) (8)

Where the a. is the attractive parameter and calculated from critical properties:

R’T?

[

a. = 0.45724



The «(t) is the alpha function and in the Peng-Robinson model the so called Soave alpha

function is applied [14]:

o(Ty) = [1 +m (1 - ﬁ)r (10)

The alpha function can be described as a correction term and it is dependent of the reduced
temperature (T, = Tlc) and parameter m, which is function of the acentric factor. Alpha

functions and their properties are discussed more closely in later sections of this thesis.

The Peng-Robinson model performs well in normal system temperatures and pressures but
when approaching the critical domain the model performance decreases and the results are
not reliable due to the error in temperature independent parameters, the insufficient volume
correction and poor mixing rules. [6]. As a rule of thumb: the reduced temperature should
not exceed value of 0.8 (7, < 0.8). Exceeding the criteria results inconsistent results

especially in specific heat capacities. [13]

2.2 Predictive Soave-Redlich-Kwong

To overcome the classical problems with the cEOS models such as problems with compo-
nents in supercritical domain and insufficient mixing rules, the Predictive Soave-Redlich-
Kwong (PSRK) model was introduced. The goal of the PSRK was to create model which
could accurately predict vapour-liquid equilibrium of polar and nonpolar mixtures. [15]
The main progress was introducing the residual excess Gibbs energy (g2,) parameter to
the mixing rule which improved the performance for mixtures with polar components and
the introduction of a component specific alpha function. The Mathias-Copeman approach
was used in alpha function, which is an application of the Soave alpha function (Equation
10). The new alpha function aims to correct the vapour pressures of pure components.

[6, 16] The PSRK equation is the following:



RT  a(T)
v—>b wv(v+0b)

p= (11)
Where p is pressure, R is the gas constant, T is temperature, v is molar volume, b is
repulsive parameter and a is attractive parameter. The new component and temperature
dependent alpha function «(7) and the residual excess Gibbs energy mixing rule are the
most important differences when compared to the original Peng-Robinson model. The
residual excess Gibbs energy parameter is introduced in VIPR section of this thesis. The

parameters a and b are similar to the Peng-Robinson model [17]:

RT,
b= 0.08664—= (12)
P
a = ac.a(T) (13)
Where the a. is the attractive parameter and calculated from critical properties:
R?T?
ac. = 0.42748 < (14)

[

And the new improved alpha function is the following [16]:

o = [1+a(l= V) +eall = V)R + sl = VT (15)

The ¢; parameters in the new alpha function are component specific parameters fitted
against experimental vapour pressure data. The aim was to enhance the correlations in

highly polar component such as water and methanol. [16]

When calculating the parameter a, the PSRK model uses temperature dependent modified

UNIFAC method to calculate the mixture properties and it benefits from the large modified

10



UNIFAC parameter library [17, 18]. The PSRK model is widely used and proven to be
a robust solution in many cases. The unfortunate downside is lack of an accurate results
in liquid densities and trouble modelling asymmetric system excess enthalpies when using

the PSRK model leaving a need for a more versatile model. [19]

11



3 Volume-translated Peng-Robinson

The volume-translated Peng-Robinson equation was introduced first in 2001 by Ahlers et
al. [20]. The aim was to create a thermodynamic model, which would predict more ac-
curately saturated liquid densities and have extended scope of use in both subcritical and
supercritical domains [6, 20]. Ahlers et al. merged the original Peng-Robinson equation,
volume translation and residual excess Gibbs energy mixing rule with the group contri-
bution concept to overcome challenges with the PSRK model: inaccurate results in liquid
densities and trouble modelling asymmetric system excess enthalpies [6, 19, 20]. The mix-
ing rules of repulsive parameter b and attractive parameter a were updated as suggested
by Chen et al. [21]. The introduction of volume translation parameter ¢ to the original

Peng-Robinson model (Equation 6) results in the form [20]:

___RT a(T)
P_U+c—b (v+e)(v+ec+b)+blv+c—0) (16)

Where p is pressure, R is the gas constant, T is temperature, v is molar volume, c is volume
translation parameter, b is repulsive parameter and a is attractive parameter. Schmid et al.
[12] presented the parameters of the VITPR model in tree form to clarify the dependencies

between different parameters and equations:

12



Figure 1: The VTPR model concluded [12].

In the next subsections the different parameters of the VIPR model will be discussed

comprehensively.

3.1 Volume translation parameter c

The volume translation parameter ¢ is defined with the following equation [12]:

C; = UPR,'L' - Ue:cp,iy (Tr = 07) (17)

Equation 17 compares the value calculated with the original PR EOS (subscript PR, i)
and experimental value (subscript ezp, i) resulting in the volume translation value. The
subscript ¢ refers to pure component i. If experimental data is not available, the correlation
for volume translation parameter is used, which utilizes the critical properties of component

with a following equation proposed by Racket et al. [20] and Ahlers et al. [22]:

13



Tci
c; = —0.252R =(1.5448z2.,; — 0.4024) (18)

(X

Both Equation 17 and 18 are widely used in VI'PR modelling and the proposed mixing

rule for volume translation parameter c is linear [6]:

Cm = inci (19)

Where the ¢, refers to volume translation parameter of a mixture and x; to component ¢

mole fraction and ¢; to component ¢ volume translation parameter.

3.2 Repulsive parameter b

Pure component repulsive parameter b can be calculated using pure component critical

properties with the following equation [12]:

RT,; RT,;
by = Qp—— ~ 0.07780———
" ’ Pci Pc,i

)

(20)

The subscript i references to a pure component. The €2 is constant with value of 0.07780.
The value is based on polynomial inspection of the PR equation as a function of compress-

ibility. Study on the polynomial roots results to the value of ~ 0.07780. [13, 23]

In case of modelling a mixture the following mixing rules is applied [12]:

i

J

The subscript m refers to mixture and as it can be seen, the mixing rule is directly propor-
tional to the mole fraction of the components. The cross parameter b;; can be calculated

with following equation [12]:

14



PB4 4 3

3/4 Vi 7
b/t = (22)

Values of b; and b;; are calculated with Equation 20.
3.3 Attractive parameter a
The attractive parameter a is calculated as a product of the alpha function and the pure

component critical attractive parameter a., which is calculated from pure component crit-

ical properties. a and a. are calculated with following equations [12]:

a;i(T) = ac,ici(T) (23)

Q R 0 4572472:&2 : (24)
Aej = =~ =~ 0. :
o ¢ Pc,i Pc,i

The €, is constant with value of 0.45724. The value is based on polynomial inspection of
the PR equation as a function of compressibility. Study on the polynomial roots results to

the value of ~ 0.45724. [13, 23]

Following mixing rule is used to describe the attractive parameter a in mixtures [12]:

am(T) Q5 grEes ref
= i— + —= =1.01325b 25
by zi:xz bi; + A p ar ( )

Qg

E
_ i | Gres
%am(T)—(lebiinL )b

The subscript m refers to mixture and subscript ¢ to pure component. The residual excess
Gibbs energy g~ . enhances the mixing rule of the attractive parameter a and is discussed

more in the next section. The parameter A is a function of a reduced liquid volume wu.

15



The value of the reduced liquid volume u is dependent on the reference state of the mixing
rule. The reduced liquid volume u is correlated against experimental data and for Peng-
Robinson equations the w has value of 1.22498, when the reference state is atmospheric

pressure. [24] The parameter A is calculated with following equation [24]:

L 1n<u+(1—\/§)

2v2  \u+ (1+v2)
Lo, (122498 + (1 V2)
2v2  \ 1.22498 + (1 + V)

>7 u=1.22498 (26)

A= > ~ —0.53087

3.4 Residual excess Gibbs energy

The following subsections will introduce the characteristics of Residual excess Gibbs energy.

3.4.1 General

The residual excess Gibbs energy parameter gTEes takes into account the temperature de-
pendent binary interactions between different components. The molecules are fragmented
to main groups and the correct subgroups are chosen according to the molecule. For ex-
ample ethanol has main groups CHy and OH and for ethanol following subgroups can be
found: CH,, CH3s and OH. The interaction between different subgroups are considered

with experimentally correlated binary interaction parameters. [6]

Schmid et al. [12] derived the series of equations (Equations 27-32) in their paper ”Revised
parameters and typical results of the VIPR group contribution equation of state”, where

the residual excess Gibbs energy term is formulated as follows:
gk, = RTZ.TLL' In~[t (27)
i
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Where the activity coefficient 7/t is defined as:
ln%R = Z vi(InTy — InT%) (28)
k

The v,i is the number of subgroups k in the pure component i. The group activity coeffi-

cients, I'y, and T’ };, are calculated with following equation:

(29)

OmVhm
InTy = Qy [1-m(2@mxpmk) ZZ @’&/

Relative group surface areas Qi are used to determine the surface areas ©,, of component

m with following equation:

Qme

O = =
Zn Qan

(30)
The X,, refers to mole fraction of subgroup m in the mixture or pure component and is

calculated with following equation:

J
U X
X,, = 237’"]3 (31)
The group interaction parameter ¥, is dependent on the temperature and on the ad-

justable group interaction parameters anm, bnm, Chm- The group interaction parameter is

calculated with following equation:

(32)

Uom =exp | —

T

It is advised to add more temperature dependent group interaction parameters (d,,T2,

enmT?, ...) if the system’s group interactions are highly dependent on temperature. The
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group interaction parameters are fit to experimental data. [12]

Today there are 536 group interaction parameters available for VIPR model in the UNI-
FAC Consortium database. These group interaction parameters cover the most important
hydrocarbon groups, small molecules such as carbon monoxide, carbon dioxide, nitrogen,
oxygen and water and sulfur components. The most recent update in 2019 included re-
frigerants, ammonia and nitrogen and the development is ongoing. The VTPR group

interaction parameter matrix is presented in Figure 2 [25, 26]:

. published parameters
[ detivery 2017

o [ delivery 2018

D new parameters 2019

I
L
L . []me parameters
I WL available

|

Figure 2: VTPR group interaction parameter matrix 2019, 536 group combinations [25]
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3.4.2 Group interaction parameter optimization

The group interaction parameters (@pm, bnm, ...) have been optimized simultaneously to
several binary datasets. Depending on the binary pair, available and descriptive data has
been selected from following datasets: vapour-liquid equilibrium data (VLE), azeotropic
data (AZD), excess enthalpy (h”), excess specific heat capacity (c¥), gas solubility (GLE),
activity coefficients at infinite dilution (°°), solid-liquid equilibrium (SLE) and liquid-
liquid equilibrium (LLE). The objective function F' is minimized with the Simplex-Nelder-
Mead method: [12, 26]:

F=wyrp Y AVLE+wazp » AAZD +wys y AP (33)
+w.r Z Acf +waLE Z AGLE + wye Z A~

+wsLE Z ASLE +wrLg Z ALLE = Minimum

The importance of the different binary datasets can be taken into account with weighting
parameter w;. Except h¥ and 4> the relative deviation of experimental data and calculated

data is obtained with following equation to all other datasets [12]:

data; cqic — data; eqp

L
Adata = — 34
ata N; (34)

data; ezp

For activity coefficient at infinite dilution Schmid et al. [12] advised: ”In the case of
activity coefficients at infinite dilution, a slightly different deviation calculation is used to
ensure realistic contribution of the deviation between experimental and calculated activity
coefficient at infinite dilution to the objective function. In this case the relative deviation is
calculated by division through the smaller activity coefficient at infinite dilution (predicted
resp. experimental)”. However, it is unclear as to exactly which values are referred to as
smaller and larger activity coefficients what their basis are. The proposed equation for

activity coefficient at infinite dilution is following [12]:
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N

Avoo:%Z

i=1

0o 0o
Viarge,i — Vsmall,i

(35)

00
/ysmall,i

With excess enthalpies the maximum experimental value of experimental data is used as a

reference to describe better small excess enthalpy values. The following equation is used:

AhE _ i i hfcalc - hiE,Jexp (36)
N < hE
i=1 i,max
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3.5 Alpha function

The alpha function can be described as a temperature dependent correction factor for the
attractive parameter a. The alpha function itself does not have a physical meaning as the
parameters a and b do, but it is said that in mixtures, alpha function and mixing rules
have equally important role in the accuracy of the calculation [27]. The most commonly
used alpha function in VI'PR model is the so called Twu91 alpha function by Twu et al.
[28]. The origin is in the Soave alpha function [29]:

aTy) = [1+m(1-VT;)]?

m(w) = 0.37464 + 1.54226w — 0.26992w>

(37)

The general alpha function by Soave et al. [29] is a function of m, which is described
with the acentric factor w. Twu et al. extended the function to be component specific to
enhance the calculation results and therefore the component specific Twu88 alpha function

was presented [10] [30]:

2(M;—1 2M;
(1) = o™ VeaplLi(1 - T3] (38)
To add even more flexibility Twu et al. added a third temperature dependent parameter

N resulting to the Twu91 alpha function [30]:

0 (T) = T 08

T,

1 N M;

JeaplLi(1 - T3] (39)
The updated alpha function takes into account the temperature as reduced temperature
and the component specific behaviour with component specific parameters L, M and N.

Adding parameter N aimed to ”improve vapour pressure prediction for highly polar sub-

stances”. Parameter N is always positive and is usually close to value of 2 for many
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components and has an important factor in the supercritical domain with light compo-

nents. [30]

Alpha functions have mathematical constraints that ensure physically meaningful simu-
lation results. In the Twu9l case, constraints will lead to restrictions for the component
specific parameters L, M and N. Many research groups and organizations have been devel-
oping VTPR model compatible alpha function parameter libraries, but several of them are
known not to respect the constraints given to alpha functions. [27] According to Guennec
et al. [10] alpha functions have an utmost important role on the calculations and affect the
modelling results significantly and therefore before applying a parameter library to calcu-
lations it is advised to review the parameters and ensure that the constraints described in

Section 3.5.1 are followed.

If these component specific parameters L, M and N are not available a generalized Twu

alpha function is used in calculations [29]:

o(T) = al® 4 w(a(o) — a(l)) (40)
aO(T) = TN MO g 1,0 (1 — TN M)y

aWD(T) = TNOMO=1) g0y p (1 — pNOMO))

The parameter values of a(® and o) are dependent on the domain. For subcritical and
supercritical domains own specific parameters exist, which are presented in Table 2. These
parameter values satisfy the consistency requirement with any existing physical acentic

factor values and therefore the general Twu alpha function is always consistent.
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Table 2: Generalized alpha function parameters for sub- and supercritical domains [1, 31]

Subcritical Supercritical
L(0) 0.272838 0.373949
M(0) 0.924779 4.73020
N(0) 1.19764 -0.200000
L(1) 0.625701 0.0239035
M(1) 0.792014 1.24615
N(1) 2.46022 -8.000000

3.5.1 Alpha function consistency

Alpha functions have restrictions which are directly related to physical phenomena. In
their studies Guennec et al. [10] discovered that eight out of twelve of the most used alpha
functions do not meet the restrictions and the rest four alpha functions with only given
constraints. The limitations are based on inspection of differential equation where fugacity,
residual values of entropy, enthalpy and specific heat are calculated. These equations
include alpha functions derivatives and lead to mathematical restrictions when the physical

phenomena are considered. The differential equations are the following [10]:

Inf(T,v) =v |1 — RT(VZC,,TI(,)T&,TQ;,)} — 1 —In% + gt — Int=mt

s"(T,v) = Rin*=% — b(rfﬁm) do(}(TT)an:gg (41)
hres(T,0) = B — el o praes [a(1) - TP me=nd

|52 (T0) = st i in =t

In their studies Guennec et al. and Yang et al. discovered the following constraints, which

are based on the physical nature of the properties and calculus rules: [10, 32]
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a(T,) > 0 and « is continuous

da

ar- (1) <0 and j—ﬁ is continuous

For any (T) : (42)
&’a
T2

3
(L) <0

2, . .
(T) > 0 and S—TE‘ is continuous

An alpha function meeting the restrictions is said to be consistent and an alpha function
not meeting the restrictions inconsistent. In the following chapters the reasoning behind

the restrictions is presented.

According to the Guennec et al. [10] the alpha function must be positive to avoid non-
physical positive values of attractive parameter a. Value of attractive parameter a should
always "result to a decrease of the pressure of the system when the attraction between
molecules increases.” [10] The alpha function at the infinite temperature limit must be

constant, either positive or zero.

The first derivative of alpha function must be continuous and negative. This is a result
of thermodynamics: when temperature decreases the kinetic energy of a component is
reduced. Mathematically this means alpha has to be a decreasing function of temperature
i.e the first derivative of alpha must be negative and continuous with any temperature
value. [10] According to Yang et al. the continuity of pressure, fugacity, enthalpy and
entropy demand the continuity of alpha which support the claim that alpha function’s first

derivative must be continuous. [32]

The second derivative of alpha function must be continuous to ensure the continuity of
heat capacity and speed of sound. The positive values avoid inconsistent inflection points

on isobars of the isochoric heat capacity. [10, 32]

The third derivative of alpha function must be negative to cancel out non-physical ”wave
shaped” ¢, variations with temperature immediately above T;. which occur widely especially

with Twu91 alpha function. [10, 32]

24



Restrictions given in Equation 42 can be derived to an analytical form for Twu91 alpha
function with parameters L, M and N. Guennec et al. [10] in their paper ” A consistency
test for alpha functions of cubic equations of state” derived these restrictions and gathered
the analytical constraints for Twu91 alpha function expressed with parameters L, M and

N:

7 0<0
6<0

Ly >0
Lv>0 or

7¥<1—254+2/0(6—1)
y<1—46

AYB3 +47X3 4+ 2772 —18XY Z — X2Y?%2 > 0
§=N(M—1) (43)
vy=MN

with : § X = —3(y4+6 —1)

Y =~2 4360 — 37+ 362 — 60 + 2

Z = —0(6%—35+2)

In this form even a simple Excel calculation can verify if the parameters meet the condi-
tions. It is difficult to predict if and how the inconsistency of the alpha function affects
each calculation, but it can be said that the results with inconsistent alpha function param-
eters may not be accurate or even have a physical meaning, especially in the supercritical

domain. [33]

3.5.2 Alpha function parameter optimization

The alpha function parameter optimization is carried out with similar methods as the group
interaction parameter optimization. The goal is to find values for parameters L, M and
N which minimize the objective function (i.e minimizes the deviation between calculated

and experimental value) and satisfies the consistency rules of the alpha function. In many
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studies only saturated vapour pressure data was used to optimize the parameters but
according to Guennec et al. [27] this can lead to parameter values that are unsuitable to
predict enthalpy of vaporization and heat capacities. Guennec et al. [10, 27] recommend
using saturated vapour pressure p**, enthalpy of vaporization AH,a, and saturated liquid
heat capacities c;‘ff in the optimization process. The objective function F', with three

properties suggested by Guennec et al. [27], is minimized according to following equation

(10, 33]:

N N
F= pcszgfc(Pa TZ) - pg%)(n) + Z AI—Ivap,calc(Pa TlL) - AHvap,exp(n) (44)
2 (@) - AH,upcap(T))
N
+ Z C;let,calc(P’ CZ;Z) - C]S)(,llf6$p(T’i)
P Cpdieap(T)

In addition, when the Twu91 alpha function is considered, the restrictions given in Equa-
tion (43) must be implemented for the optimization to ensure the consistency of the alpha
function. The result is parameters L, M and N, which fulfill the restrictions and can

produce reliable results in various conditions.

26



3.6 Applications and performance of VITPR model

In this section the performance of the VIPR model is discussed. The most significant
findings of different research groups are presented and the performance is compared against
the original Peng-Robinson model, PSRK model and UNIFAC Dortmund (Do) model. The
findings of Guennec et al. [10] on their research on alpha function consistency is presented

and the consistency requirement is justified with the graphical presentation.

3.6.1 Density

As modelling liquid phase densities have caused trouble to the Peng-Robinson model and
the PSRK model, it is reasonable to start the evaluation with liquid densities. Figure 3
presents the performance of the VTPR model and Peng-Robnison model with liquid den-
sities of different types of pure components at the given temperature range. The VIPR

model performs well in the given systems and at the given temperature range.

Even if the reduced temperature stays under 0.8, which was the given limit to the original
Peng-Robinson model, the PR model still gives poor prediction in liquid densities with
many components in Figure 3. The difference can be seen especially with octacosane
(nonpolar long hydrocarbon), hydrogen sulfide (polar small molecule) and carbon dioxide
(small nonpolar molecule). The original Peng-Robinson model predicts densities well for
short hydrocarbons (pentane) and short alcohols (1-butanol). It can be concluded that
these findings support the claim of volume translation improving the accuracy of the Peng-

Robinson model.
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Figure 3: Experimental (¢) and predicted pure component densities, VTPR (-) and PR (---) [12].

As mentioned in the VITPR section, the volume translation parameter ¢ can be calculated
with two different ways. Figure 4 presents the difference when the volume translation

parameter c is calculated:

1. As a difference between PR model and experimental data (-) (Equation (17))
2. As an estimation with critical properties (- -) (Equation (18))

From Figure 4 can be seen that the parameter ¢ calculated as a difference between PR model
and experimental data gives better results than the estimation with critical properties.
Modelling octacosane gives difference of 50 % when these two methods are compared. The
inaccuracy in the parameter ¢ value affects almost linearly to the prediction of the density
which results to a density of approximately 900 kg/m?® when the experimental value is

approximately 700 kg/m3.
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Figure 4: Experimental (¢) and predicted pure component densities using VIPR (c calculated with (17):

- and estimated with (18): - -) and PR (---) [12].

Figure 5 shows well the VI'PR model’s ability to produce good results also for mixtures.
N-hexane-ethanol mixture densities are calculated with both VIPR and PSRK models
at 298 Kelvins as a function of mixture composition and the difference in performance
between these two models is significant. PSRK model fails to produce reliable predictions

even in mild conditions where the VIPR model performs well through the composition

profile.
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Figure 5: Experimental (¢) and predicted results for mixture densities at 298 K, VIPR (-) and PSRK ()
[12].

3.6.2 VLE

As stated in the PSRK model section PSRK has difficulty in predicting asymmetric systems
(systems with highly different sized components). This is illustrated in Figure 6 where
bubble point pressure for two asymmetric systems, propane-decane and ethane-octacosane,
are predicted with both PSRK and VTPR models in different temperatures as function
of mixture composition. The results are plotted against the experimental data and it is
evident that the VI'PR model performs far better with asymmetric systems when compared
to the PSRK model. The better performance for asymmetric systems fulfills one of the
goals given to the VI'PR model and justifies the VI'PR model development.
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Figure 6: Experimental (¢) and predicted vapour pressures for two asymmetric n-alkane/n-alkane systems,

VTPR (-) and PSRK (---) [12].

The Figure 7 shows the difference of PSRK model and VITPR model when sub- and su-
percritical domains are considered. Different n-alkane-COs system VLE properties are
predicted in different temperatures as function of pressure and mole fraction. In subcriti-
cal domain the PSRK model values are accurate and stay in the feasible range but when
taken to supercritical domain the PSRK model fails to produce reliable results. The VITPR

model performs well in both domains which is definitely an advantage for the VIPR model.

31



Figure 7: Experimental (¢) and predicted VLE for different CO2-n-alkane systems in sub- and supercritical
domains, VTPR (-) and PSRK (---) [19].

Schmid et al. [12] also compared the VTPR model against UNIFAC (Do) model. The
difference is not as vast as with PSRK but the strength of the VITPR model when compared
to UNIFAC (Do) model is the ability to predict systems with supercritical components

[12]. In Figures 8 and 9 are presented different systems and properties modelled with

both VTPR model and UNIFAC (Do) model.

Figure 8 shows the performance of the VIPR model and UNIFAC (Do) model in predicting
vapour pressure of the dimethyl ether - 2-methylbutane system. VTPR model performs
slightly better when approaching pure 2-methylbutane and with higher temperatures. It
should be noted that the 293 Kelvins is still mild temperature when considering industrial

processes.
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Figure 8: Experimental (¢) and predicted VLE in different temperatures, VIPR (-) and UNIFAC (Do) (---)

[12].

Figure 9 presents the performance of the VITPR model and UNIFAC (Do) model in vapour
liquid equilibrium calculations in both isothermal and isobaric systems with multiple dif-
ferent alcohol-alkane systems. The performance in mild conditions is similar with both
models but as in Figure 8 the UNIFAC (Do) model results suffer when the pressure or
temperature is risen and the supercritical domain is approached. As in the Figure 7 the

VTPR model performs well in supercritical domain.
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Figure 9: Experimental (¢) and predicted VLE in isobaric and isothermal systems, VIPR (-) and UNIFAC
(Do) () [12].

Challenging binary pairs were also modelled with the VIPR mode and the results are
shown in Figure 10. The estimations are in very good agreement with the experimental

data through the composition profile with the selected binary pairs.
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ethane — n-hexane

Figure 10: Experimental (¢) and predicted VLE in 4 different systems with critical lines (red), VTPR (-)
[26].

3.6.3 Other properties
Figure 11 shows the strength of the VIPR model over the UNIFAC (Do) model. When

considering azeotropic behavior in high pressures the UNIFAC (Do) model lacks accurate

results where VI'PR model prediction is in good agreement with the experimental data.
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Figure 11: Experimental (¢) and predicted azeotropic behaviour, VIPR (-) and UNIFAC (Do) (---) [12].

In Figure 12 the VTPR model’s ability to operate in supercritical domain is verified. With

COs even in conditions of T, > 1 and P, > 3.5 the results are in good agreement with the

experimental data.

G,

0 35 P, 7
Figure 12: Experimental (¢) and predicted compressibility as function of CO2 reduced pressure, VIPR (-)

[26].
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3.6.4 Alpha function

Guennec et al. [10, 27, 33] studied the alpha function constraints and the main results were
presented in Section 3.5.1 Alpha function consistency. Below are presented and justified
the findings on the Twu91 alpha function in graphical form in Figures 13-17. The target

is to validate the urgency of alpha function consistency.

Figure 13 presents the molar heat capacity isobars and the 2nd derivative of the inconsistent
Twu91 alpha function. The crossing of isobars is a nonphysical phenomena which should
not occur. The reason for the isobars to cross is the 2nd derivative getting negative values
between points 7). 1 and T 2. As discovered in previous sections the 2nd derivative of alpha

function having negative values results to a nonphysical phenomena.
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Figure 13: Illustration of the nonphysical isobar crossing when the second derivative of an alpha function

has negative values [10].

Figures 14-15 present two systems with different alpha function constraints applied. The
dark blue dashed line presents the alpha function when the 3rd derivative is not forced to
be negative and the black solid line when all the constraints are applied. It is visible that
in critical domain the alpha function without 3rd derivative forcing fails to produce correct
values. The reason is the "wave” shaped 2nd derivative which causes a nonphysical pump

after entering the supercritical domain. Forcing the 3rd derivative to be negative, results
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in a smooth decreasing alpha function curve, which respects the given restrictions.
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Figure 15: The alpha function of Argon and its 2nd derivative with different constraints applied [10].

Figures 16 and 17 point out the the worst case scenario of an inconsistent alpha function.
The system containing COs and decane is modelled in 470.11 K and 125 bar and in 573.11

K and 125 bar. The conditions are far in the supercritical domain. The inconsistent Twu91
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alpha function not only fails to predict the mixing enthalpies but also results to wrong sign
in multiple stages through the composition profile. The consistent Twu91 alpha function

is in very good agreement with the experimental data in both cases.
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Figure 17: Calculation of the mixing enthalpies of the COz—decane system at 573.11 K and 125 bar. [10].
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Applied part

The literature part discussed the most important aspects and details of the VIPR model
and gave some examples of the performance in different systems and conditions. In this
applied part VIPR model performance is evaluated from different point of view and the
focus is especially on the effect of Twu91 alpha function on the VITPR model. As stated
in the previous chapters, the VIPR model consists of two parametrisable parts: the pure
component parameters and properties (alpha function parameters, critical properties) and
the binary interaction parameters. The interest is in the pure component performance for
which the alpha function was chosen to be manipulated. The binary interaction parameters
are kept constant and pure component critical properties are considered as constants. In
analysis of model performance, correct modelling of phase and energy properties are given

more weight than transport properties.

Alpha function parameter regression is carried out with R programming with two separate
approaches. In Case 1 the regression script is written and constructed in the RStudio envi-
ronment and The Aspen Plus simulator is utilized through the Component Object Model
(COM) interface tool in RStudio to obtain VIPR model simulation data. Case 2 regres-
sions are carried out solely in RStudio environment without COM interface connection to
Aspen Plus. The results are compared and it is discussed, which regression method is more
suitable, what type of data is required and how the chosen regression method affects the

obtained parameters and overall VITPR model performance.

The consistency of the alpha function parameters of different research groups and institutes
are evaluated and compared with parameters regressed in this thesis. The ultimate goal of
this applied part is to understand the effect of the alpha function on model performance
and how the parameters L, M and N affect the alpha function behaviour and learn the
best practices for alpha function parameter regression. The alpha function parameters and
VTPR model performance are tested with relevant pure component properties. The aim

is to find the strengths but also try to reveal potential weaknesses of the VI'PR model.
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4 Software tools and algorithms

For analyzing and regressing alpha function parameters there are multiple different tools
available. Regressions are carried out with several methods to compare their effectiveness
and performance. The tools and programs used in this thesis are introduced in the following
subsections. The main characteristics, background, advantages and disadvantages of each

tool are described and compared.

4.1 Aspen Plus

The following subsections will introduce the most relevant properties of Aspen Plus sim-
ulator. In this thesis Aspen Plus version 10 is used. The information presented here is

based on the Aspen Plus V10 Help documentation and personal experience.

4.1.1 General

Aspen Plus is a steady state process simulator software by AspenTech. It is part of the
AspenONE simulator family, which consists of several different simulator programs for
multiple fields of industry including energy, chemicals, supply chain and production man-
agement. Aspen Plus is widely used in the chemical industry and is in use for educational
and academic purposes in universities in Finland. Aspen Plus offers a wide set of tools
for chemical and process engineering. Aspen Plus is divided to two important main parts:
Aspen Plus properties and Aspen Plus simulation. The relevant tools and properties of

Aspen Plus are presented in the next subsections.

4.1.2 Aspen Plus properties

The Aspen Plus properties section focuses on the physical properties of pure components

and mixtures. Aspen Plus offers a wide data library for various components and models.
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