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Chapter 1

Introduction

1.1 Motivation

Increasingly stringent environmental restrictiamgentateoil refineries to adapt to
new legal requirements, which demand that gases emitted into the atmosphere have to be
cleaner and safddUNGE, 1963)In addition, the specification of the fuel gas (or refinery
gas) to be used in the internal processes of the refinery (as furnaceasuehd in the
generation of hydrogen) is alsieeplyrestricted, mainlydueto corrosive attacks by acidic
compounds and generation of pollutants duringydsburning In order to adapt the gaseous
product to the legal restrictiorf@ocesses of absorpti of acid gases using amirees widely
used The treatment of acidic streams minimizes the generation of solid waste and generates
revenue for the compan(BASTOS et al, 2015) Removal of CQ and othersacidic
compounds can occur through various treatments such as membrane separation processes,
separation through thirmation of emulsionsadsorption towers and, most commonly,
amine treatment. Several amines have been used over the yeaexid tietreatment. One
of the most important factors to be considered in the amine field is the solubility of the solute
relative to the absorber solution. The solubiigyequiredo be high enough to remove the
acid gases from theocess feelowever the irdraction may not be strong enough to prevent
the amineecovery(ZARE; MIRZAEI, 2009) Within theaminegroup, the alkanolamines,
which ae compounds with low volatility, high reactivity and good thermal stability, stand
out. These are excellent characteristics for a sol¥dut thealkanolamines, the one that
presents the best compromise between affinity with the solute and regeneagiamity,

considering an industrial environment, is diethanolamine (DEA).



In this work, the absorber tower of a DEA plainodeled, whose objective is the
removal of hydrogen sulphide from an acid gas stream.

In the literature there are several appresdor theequilibriummodeling involving
amine compound@AVLUND et al, 2011; AVLUND; KONTOGEORGIS; MICHELSEN,
2008; BARREAU et al, 2006; FARAMARZI et al, 2009; MANDAL,
BANDYOPADHYAY, 2006; OLIVEIRA et al,, 2011) A rigorous approach is theocedure
through the mass transfer model, which takes into accousptwediffusion coefficient
in each phase. A less rigorous approach, which presesdscomplexity in terms of
mathematical equation, is theethodthrough thermodynamic models. In this approach it is
considered that the system reaches the thermodynamic @quiliand that there are no
macro level transients. This is the most commamijized approach in the industrial
environment where it iseekingfor a better compromise between good predictions and
simplicity. Among the different models available to ch&sdze the thermodynamic
equilibrium, it is highlighted the Cubic Equations of St&eS), which has the advantage of
simplicity and great application in several areax:(large amount of data available in the
literature). The most utilized cubiEoS PengRobinson (PR) and Soave Redliiwvong
(SRK), do not take into account the association phenomena between species. The Cubic Plus
Association (CPA) Equation takes this phemmon into account without adding a high level
of complexity to the equatiofkONTOGEORGIS, GEORGIOS M, 2004n the literature,
there are several arefSOLAS et al, 2005)that the CPA has alreadyesented bette
performance when compared with classiEab.

Based on the study of the most suitable solvent for the gas absorption, a comparative
analysis of th€eoS mentioneds carried outFor this, thepure monoethanolaminéVIEA)
parameteestimationwasperformed so that thé&coSthat presented the best resuaibsild be
chosen as the standargermodynamienodelto be appliedn the modelingandsimulation
of the absorber tower

The strategy for parameter estimation chosen is based on the mosstedgruf
the subject{SANTOS et al, 2015) The tool adoptedfor parameter estimation was the
ThermOptimizeisoftware.



It was proceededith theabsorption process simulatiagmployingan operational
plantdata, with thaisageof Petrox softwargwith the objective of comparing the simulation

results with data from the industrial plant

1.2 Objective

The objective of thislissertations to appy a relatively higher compleEoS(CPA)
in a known industriabystemwith the aim to verify if it presents better results tharore
widely usedEoS (SRK and PR)It is seeling not onlyfor better results, but aldor noneed
for greater computational demarid addition,a second objective is to verify if the CPA
presents reasonable resudts modeling thevaporliquid equilibrium (VLE) of a system
containing DEA, water, k& and light hydrocarbons.
As specifictargets can be listed:
1 To study MEA with a proposed methodology and compare with literature
results using differerftoS.
1 Perform a parameter estimation for modelling pure DEA and binary mixtures
DEA-water, DEAH:S.
Apply these data in a Process Simulator
Study an industrial DEA absorption unit, analyze plant data @erorm

comparisons with a process simulatresult

1.3 Text Organization

This work is divided intd6 mainchapters. The first chaptés the Introduction
which brings to the reader a brief work presentation, with the main points to be developed
and possiblsubjectgo be clarified and provein addition, it willbeindicated how the work
is organizedand itsmain goals will be clearly stated’he knowledge of thatudyobjectives
is important becaudewill guide the entireresearch throughout this work

Theseconcchapter is the Literature Review, which preséme relevant theoretical
aspectsn order tohelp the reader to understand tbetinical considerations and soafehe

authob sonclusions. This chapter addresthe basics of gas absorptithreory, including



the main alkanolamines used. A flowchart akéinery alkanobmine treatment process
presented.

The third chapter indiates the mathematical toolsandthe parameter estimation
strategy.

Thefourth chapter presents the results and discussions whifdtthehapter deals

with its conclusionsnd suggestions



Chapter 2

Literature Review

2.1 Gas AbsorptionTheory

2.1.1 Introduction

The absorption is aimed at separating components from a gaseous mixture to obtain
a purer product stream. This separation involves the transfer of a substance from the gaseous
stream process feedto a liquid stream (solvent). The absorbethpound may underg
physical (no chemical reaction) or chemical (with chemical reaction) abso(piHL;
NIELSEN, 1997)

2.1.2 Acid Gas Treatment

At the refinery, thandustrialunits responsilel for the treatment of sulfur streams
are called the sulfur block, which is made up of the followimdustrial plants sulfur
recovery units, waste gagatmentacid watertreatment angas treatment witamines.

Figurel representan acid gas absorption procdtsv chartin a typical Petrobras
plant(INDIO DO BRASIL; ARAUJO; SOUSA, 2012)

The gas to be treated, containingStas observed ifrigure 1, passes through a
vessel to remove liquids and entrained solids. This separator is called ackiossel.
After this step, this condensate free gas enteraliberptiorcolumn bottom. Irthis column
an aqueous amine solution flows courtarrent to absorb the acidic compounds from the
gas stream. The treated dkesaving thetop of theabsorptiorcolumn) then passes through a

new separator, which will retain a possible amount of the@suoiution that has been drawn.
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This current then leaves the treatment unit. flieé gas main destination is to make up the

refineryfuel gasheader.

Treated Gas +— — H,S

| Condenser Condenser I

&

Regenerating Tower

Absorber Tower

Rich Solvent Poor Solvent

Knock-Out
Vessel

‘ Liquids

Refinary Gas with
Acid Compounds

Figure 1 - Process Flow Chart- Amines Absorption
(adapted from PetrobrasRefinery Manual)

A critical step in the process is tamine solutiomegeneration containing the acidic
compounds (this stream is called the rich stream). This current is preheated. The heating
occurs in a heat exchanger whosetingefluid is the regenerated amine itself, which leaves
the absorbing towerThis heat exchanger is a pointinflustrialunit’s energy integration,
which decreases its overall energy demand. Imafenerating towedue to the increase in
temperaturerad decrease in pressure, the acid gas is released from the amine solution upon
entering in with the steam generated by the reboiler. The acid solution then comes out over
the regeneratingower together with the water vapor. This current passes through a
condenser, where the vapor condenses. The acid gas is senSRUh&Sulphur Recovery
Unit). If the process feetlas aighly content of hydrogen, before passing through the sulfur
recovery unit, it will pass through a hydrogen production. unit

The recoveed amine,poor in acid gas, leaves the regeneratower and is

recirculated to the absarlyg tower, completing the solvent cycle.



2.1.3 Amines Solvents

Alkanolamines are the main chemical solvents used in the treatment of gas streams
containing HS. This group has an amine function that imparts an alkaline character to the
group.Alkanolamines have a high affinity for polar compounds due mainly to the hydroxyl
radical (OH) present in their constitutiqd ARE; MIRZAEI, 2009)

In this group, the most commongynployedalkanolamines are monoethanolamine
(MEA), diethanolamine (DEA) and methyldiethanolamine (MDEA). Other less widety use
alkanolamines are triethanolamine (TEA);a@inc2-methytl-propanol (AMP) and
diglycolamine (DGA). The decision of which alkanolamine taubkzed in the absorption
process depends on several factors suclpaxess feedomposition,systemoperating
conditions andutput currentlesired puritf KOHL; NIELSEN, 1997) Alkanolamines are
an excellent choice of absorbents since they are relatively low in cost and are produced in the
ethylene oxide industffMEDEIROS; BARBOSA; ARAUJO, 2013)

Amines can be classified into primary, secondary and tertiary amines depending on
the amount of hydrogemsesented intaentral nitrogen to be replaceg @ther radicals. The
primary amines have higher affinity for acidic compounds but react almost irreversibly,
making it difficult to regenerate the solvent. Secondary amines have moderate affinity to the
acidic compounds (having a reversible reaction), ctvhiacilitates their regeneration
(BULLIN; POLASEK; DONNELLY, 1990) Tertiary amines are the amines which have the
lowest affinity with the acidic compounds and therefore their regeneration is the most
facilitated (however, it is the alkanolamines that have the worst results facitie
compoundsremoval). Thus, in general, the secondary amines present a better compromise
between the ability to treat the gas stream and enablkeothentrecovery.Figure2 is an
illustrationof the main alkanolaming&OHL; NIELSEN, 1997)

H HOCH, CH, HOCH, CH;
Y | Y

+N—CH, CH;OH =}I;~J—H =}\J—CH3
H HOCH, CHJ HOCH, CH;
MEA OEA MOEA

Figure 2 - Main alkanolamines usedas solvents for gas absorption
(adapted from Kohl, 1997)



2.1.4 Alkanolamine Sekction

Some aspects should be taken into account when selecting an amine for the
absorption of S from a gas strea(POLASEK; BULLIN, 1994)

1°) Does the amine used conform to tkéoiler and condensability to provide
the energy needed for its purification?

2°) The alsorption of HS can be optimized using a mixture of amines?

3°) Couldthe amineemployedpromote corrosion in the system? Is there an amine
(or amine mixture) that will lessen this impact?

4°) Will the chosen amine need how much of the circulation rate? Is thgre a

amine that will lessen this need?

In a gas absorption plant with amines, between 503% of the costs related to the
initial investment are associated with g@vent circulation ratsize. Another 10920% is
associated with the plant's energy demahblout the operating costs, 70% is related to
solvent regeneratio(POLASEK; BULLIN, 1994) In this way, the selection of the sto
appropriate amine (or amine mixture) for the process imsplaeplant costs.

As already mentioned, each alkanolamine has its specific characteristics that
influence theacid gasabsorption Because it has intermediary characteristics between
primary and tertiary amines, DEA is often the alkanolamine chosen for industrial processes
whose objective is the removal mfiimarily H2S (INDIO DO BRASIL; ARAUJO; SOUSA,

2012) Regularly the decision to choose the DEA is based on MieA unfawrable
characteristics(t MEDEIROS; BARBOSA; ARAUJO, 2013)high energy demand for
recovery, corrosiveness, compound degradation and Vagggs. MDEA has among the
three the lowest vaporization loss and the lowest energy demand for its recovery. However,
it has the lowest affinity for the acidic compounds.

2.1.5 Chemical Reactions

The main chemical reaction involved in the absorption procebk®fwith DEA

are presentenh Equationl:
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H2S, in aqueous solutions, dissociate forming a weak acidic sollismeactions
with amines are exothermithereactionis favored by low temperatureshe reaction with
H2S occurs instantaneously and reversiM\NDAL; BANDYOPADHYAY, 2006).

Secondary reactions that need to be taken into accoufBARREAU et al, 2006)
presented ifEquation2, 3 and4.

Dissociation of water

1 R Pk 2
Dissociation of hydrogen sulphide:
En &€ EP En £ 'E 3
Dissociation ofdisuphide:
En € "EP n € 'E 4

Reactions occurring in the liquid phase can be categorized into equikbrium
controlled reactions and kineteontrolled reactions. The chemical reactions determine the
ionic speciesompositions in the liquid pha$8ARE; MIRZAEI, 2009)

2.2 Thermodynamic Basis related toE0S

2.2.1 Soave RedlichKwong EoS

The SRKE0S(SOAVE, 1972)s a successful modification of the original Redlich
Kwong EoS. This equationhas great acceptance in the oil and gas industry mainly because
of its relative simplicity anéccuracyin VLE calculationsOne @mplication with thiSsEoS
is the limitation in the prediction diquid density values. Thequationgenerally predicts
higher values than those found in the litera(E€HEVERRY; ACHERMAN; LOPEZ,
2017; JAVANMARDI; NASRIFAR; MOSHFEGHIAN, 2005)



Some authors have already suggested changes @équbé&onin order to generate
better results withut compromising the simplifity of theEquation(JI; LEMPE, 1997)

It canbeconsideedthesystenpressure as the sum of the pressure of attraction and
repulsion. TheéSRK repulsion pressur@® is expressed by the van der Waatsiationfor
therigid sphereEquation5.

(g j—i[; 5

The term®is related to thehemical specieproper volumeln the case of hard

sphere molecules)is represented iEquations.

T 6
Where, isthemoleculediameter:
The pressure of attractigd  can be expressed by tEeuation?.

T .

- oo -H—
The termiis related to théntermolecular attractioforces(Equation8).

i
H o+ o+ L d

| .
=
=

Whered , wando areparametersf EoS
& and @ can be obtained through tteeu b s t ariticalepfogerties. For pure
substances, thEquatiors 9 and 10 represent the expressiogsand wbased on the critical

parameters:

10
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The paramete® can be obtained by theo mp o w@eerdriéfactor,according to

Equationll:

2.2.2 PengRobinsonEoS

The PengRobinson(PENG; ROBINSON, 1976¥quationis also a cubic state
equation which is widely accepted ihe oil and gas industry due to the quality of the results
generated and its simplicilkONTOGEORGIS, GEORGIOS M.; ECONOMOU, 2010)

The explicitequationin terms of pressure igiven inEquationl12:

TREET
o F s F Fo ¥ 12

ThePREoSterm®U @ is considered as amprovement of thattraction forces

representation, which would cause the model to generate ligtigt density results
(ECHEVERRY; ACHERMAN; LOPEZ, 2017)

In a noticeably complete review,Echeverry (ECHEVERRY; ACHERMAN,;
LOPEZ, 2017)reenkedthe most important modifications of the parameters proposed for

the Peng Robinson model over the years.

2.2.3 Binary Parametersfor SRK and PR

The binary parameté® is remarkablyimportant to fit theEoS predictionsagainst

the experimental data. ldeallythis parameter is obtained throudiinary mixture

experimental data. However, it is known that this type of data is limited and is not available

11



for all thebinaries involved in the simulatgrdocessOne way to overcome this limitation is
to use empirical correlation models f& (COUTINHO; KONTOGEORGIS; STENBY,
1994)

The binary parametersan be a function oftempersure and depends otne
experimental datguality (COUTINHO; KONTOGEORGIS; STENBY, 1994)

Often the zero value f&® is used when mixing alkane paiowever for mixtures

containing other types of compountisgse parameters aiedevant

2.2.4 Molecular BasedEoS

Complex thermodynamic systems, such as the system under study, require modern
approaches to their descriptidrocal composition model&CHAO; LEET; LAFAYETTE,
1983)and cubicEoS are not robust enough to describe a wide range of complex systems
Among the modern approaches its indispensabladntion those based on the theory of
perturbation, based on the chemical theory and based on lattice K€y OGEORGIS,
GEORGIOS M., 2013)

2.2.5 Perturbation Theory and SAFT

The molecular association profoundly affects the phegeilibrium and the
thermodynamic propertieflentiful authors have attempted to explain and model this
phenomenonyhich occurs in several situations, suctpalymer phases equilibriunander
high pressure conditions and supercritical conditiddse of these attempts is tBetistical
AssociateeFluid Theory (SAFT), proposed by Chapm@HAPMAN et al, 1990) based
on the first order perturbation theory of WerthéW/WERTHEIM, 1984)

Adoptingaweld ef i ned approach from Wertibkei mds

written as the sum of different terrascording tdEquationl13.

12
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Equationl3represents th&oS SAFT written as &um ofHelmholtz energyerms
Thechoice of explicitly specifying a term in the sunp@rticularlyimportant for the quality
of the results obtained in the research.

Depending on how complex tl®Sis, it can be quite laborious to transform it into
terms derived from the Helmholtz energy. Bell and JABEL L; JAGER, 2016)resented
a way to transform cubiEoS (using a generiequatian for such) in terms of Helmholtz
energy, whictltheycall the Helmholtzenergyexplicit EoS.

A major literaturereview was made by Vegas and LIoveMEGA; LLOVELL,
2016)on the modeling of water and aqueous solutions using molecular BaSeth this
article the difficulties in modeling and the great importance in obtaining aceundigrecise
data considering the great industrial application of watere exposed. Three important
models were discussed: Statistical Association Fluid Thed8AFT), CPA
(KONTOGEORGIS, G. Met al, 1996)and Group Contribution Plus Association (GPA)
(GROS; BOTTINI; BRIGNOLE, 1996)The systems used as examples were thbs¢
currently have greater expressiveness in chemical and energy industries: binary mixtures of
water with hydrocarbons, amines, ¢ @lkanols and ionic liquids. An interesting point of
attention of this review is thakespite the large amount of experimental data and molecular
parameters available in the literaturariedauthors preferred the adequacytair equation
in relation to the experimental data, disfavoring the molecular theory involved. In this way,

specid care needs to be taken into account wigng preconceived models.

2.2.6 Association Sites

The classical association schemes (1A, 2B, 3B and 4C) are veippledin the
models that use as basis the SAFT theory. The definition of these schemes is a fundamental
step in thesystemthermodynamic modelingKONTOGEROGIS; FOLAS, 2010)The
association scheme follows the recommendations of nomenclature suggested by Huang and
RadosZHUANG; RADOSZ, 1990) Some compounds already have established molecular

schemes that correspogrkeatlyto reality (an example is water whose 4C scheme is the most
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used)(GRENNERet al, 2007) However, forhighercomplex compounds, the needaaply
further bold molecular schemes agen for debatésince the classic models consider only
one, two, three or four association sites). Some asitieove already proposed other schemes
trying to overcome thelassical structurkmitations and approaching the proposed model of
reality (AVLUND et al, 2011)This subject is considered one of tagsociation theorgirea
that deserves better examinat@®mOGENSEN, 2014)

Eight types of association schemes wagsignedased on the number and types of
active sites of each molecule. In general, Schemean2B3B areappliedfor amines and
alcohols. Scheme 4C is used for substances with high association rate, which have two
receptor protons and donors per molecule (such as WH@ENTOGEORGIS, GEORGIOS
M. et al, 2006)

Understanding what types afssociation drossassociating, selfissociating and
nonassociating) arpresent in the system isiperativeto avoid an excess of parameters to
be estimated in addition to bad results. Getting ¢lear perceptiois not an easy task since
the associations can be quite comle®NTOGEORGIS, GEORGIOS M., 2013)

Once the types of associations present in théumr@are determined and understood,
it is important to chose how these interactions will be reflected in the model. One way is

through mixing rules.

2.2.7 CPAEoS

It is notablethat currently the most used cuBiaSare PengRobinson (PRJPENG;
ROBINSON, 1976 and SoavdRedlichKwong (SRK)(SOAVE, 1972) which represent an
improvement of theEoS proposed by van der Waalgnfortunately,theseEoS are not
designed to deal with molecules that have associating interactions (regardless of whether they
are selfassociating or crosassociating) This function is pdormed efficiently for several
systems by CPA0S proposed by Kontogeorgi&kONTOGEORGIS, G. Met al, 1996)

This EoScombines SR EoSwith an adaptation of SAFT to be able to take into account the

association interactiongonsiderablenumber of paper{FARAMARZI et al, 2009;

KONTOGEORGIS, GEORGIOS Mt al, 1999; LINDVIG et al, 2004; MOGENSEN,;

KONTOGEORGIS; THOMSEN, 2013; SANTOSet al, 2015; TSIVINTZELIS; ALl

KONTOGEORGIS, 2015prove the effectiveness of CPA in describing the thermodynamic
14



equilibrium of numeous systems. However, for some other systems, there is a need not only
to accurately describe associative interactions but also the description of electrostatic
interactions. A role that CPA alone, by its very conception, does not desoribielerably

(LIN, 2007). If it is desired to obtain results with grgeecisions important then to construct

a thermodynamic model thatstablishesexplicit these interactions and quantifies them
However, this is not the purpose of this work

The CPAconsiderghe interactions between different molecules (cassociation
and solvation) and between identical molecules{@sdbciation)ln systems that are cress
association, there are associations between different compounds. However, the compounds
may not beselfassociatingThe CPA associatioterm is based on Wertheim's fhtder
thermodynamic perturbation theory (TR (KONTOGEORGIS, GEORGIOS Met al,

2006)

The initial objectives of the CPA were to extend the ctoi§ for the modeling of
compounds that associate / polar compoKBNTOGEORGIS, GEORGIOS M., 2013)
Another CPA objective was to properly model multioponent mixtures based only on
binary interaction paramete§ONTOGEORGIS, GEORGIOS Mt al, 2006) EoS SRK
was used as themodel physical basis;however,PR could also have been used. For the
insertion in the model of a term that took into account the associations between the
compounds, th&Verthein® sheory (or of the perturbation) was chosen, being coneidler
more comprehensive than other theories (laftivd or chemical theory)
(KONTOGEORGIS, GEORGIOS Met al, 2006)

One question that can be askedié/hy work with the CPA insteadof another
EoS?0 The answer is that CPA has proven to well describe common oil and gas industry
systems over a wide range of temperature and predsOTOGEORGIS, GEORGIOS
M.; TASSIOS, 1997; KONTOGEORGIS, GEORGIOS &1 al, 1999; LINDVIG et al,

2004) Also, CPA can describe mixtures where the water isuipstantiallysmall amount
solubilized in hydrocarbons (and vice ver8@DNTOGEORGIS, GEORGIOS M., 2013)
In addition, CPA has been usedsiwveralindustrial applications over the yed®BANTOSet
al., 2015)
SRK and PRannotdescribe systems with highly immiscible compounds using only

1 interaction parameteEoS in general, however, tend not to present as good results as
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activity coefficient models when it comes to the prediction of condensed phase behavior
(FREY; MODELL; TESTER, 2013)Both SRK and PR do not present satisfactory results
for liquid phase densities. Thiesults become worse as the study interval approaches the
critical point(JI; LEMPE, 1997)The CPA can describe these systems over a wide range of
temperatures using an interaction parameter, which is not temperature dependent.

In this sectionit was discussed the theoretical aspects of CE#S All the

mathematical detailof theequationarefound in the Methodologghapter.

2.2.8 Selection of Mixing Rules

The applicationof CPA for mixtures requireghe use ofmixing rules for only the
parameters of the SRK termb.appliesthe van der Waals rule offileiid rules(Equatiors 14
and15):

14
-H. 15
The classic combing rules are used (Equati®h6 and17):
+ i 16
_H_ ‘H‘ ‘H‘ _ 17

a is a binary parameter, which mearly allcases is sdb zero. Tleseparametes

are notstudied in this work.
If there is a crosassociation, ifs necessary tase thecombining rules. Studies
(KONTOGEORGIS, GEORGIOS Met al, 2006)have led to the conclusion that the-CR

and Elliot rules are satisfactori¢quatiors 18 and19):

16



iy T 18

ANA LY. Ee Raka 19
In Elliot's combining rule, the geometric mean is used (Equatgn
YAA AN yAA 20

For theapplicationof EoSfor mixtures it is essential ttandlemixing rules to define
the mixturep a r a me t definison is fundé@nsental to the quality of the results obtained
(MATHIAS; KLOTZ; PRAUSNITZ, 1991) The choice of the most appropriate mixing rule
depends on the chateadstics of the system studiédATEL; ABOVSKY; WATANASIRI,
1998)and t should be evaluated, among other things, whether the systemassmriating,
cross-associating, selissociating or a combination of the$#s already known that the
classic mixing rules are no longer sufficient to describe complex mixtures
(KONTOGEORGIS, GEORGIOS M., 2013)

There is a plethora of referend@OACHI; SUGIE, 1986; HURON; VIDAL, 1979;
ORBEY; SANDLER, 1996; ZAVALA; AROCHE; BAZUA, 1996 the literature that have
presented new ideas and strategies for mixing rules over the years.

Severalauthors have developed their own mixing rules in order to better describe
equilibrium systemPatel(PATEL; ABOVSKY; WATANASIRI, 1998)developed a mixing
rule for thevan der WallEoSattractionparametethrough perturbation theory. Their results
showed a better description of hydrocarbatt®hol and hydrocarbonsgater systems

2.2.9 Derivative Properties

The choice of thermodynamic properties to be generated by thel macele
fundamental tde judicious. It is known that thaerived propertiesalculation (such a8 ,
0 and sound velocity) does not offer the same reliability in the obtained information when
compared with the information relateto the phase equilibrium{ABILDSKOV;
KONTOGEORGIS, 2004; MAIlAet al, 2012)and his signify a limitation of association
17



theory. KontogeorgilKONTOGEORGIS, GEORGIOS M., 2018jates that cubiEoSsuch
as SRK and CPA do not well represspnimederivative properties. Different ways to get
better results for these properties are by addkitgaparameters to be estimated or actually

improving model theory.

2.2.10 Modeling of alkanolamines

For the modeling of Acid Gases Absorption System by Alkanolesnimereafter
AGASA, there are several approaches. The most formal approach is opersiderghe
system's mass and heat transfer coefficients and theiequolibrium, as mentioned in the
Motivation. Chemical and mass transfer reactions can thendueled using the Higbie
Penetration TheorfMANDAL; BAN DYOPADHYAY, 2006). Another strategyis the
approactconsidering that the system has already reached the thermodynamic equilibrium.

Among the various theories that can describe the absorption of acid gases by amines
from themass transfepoint of view,the theories of penetration, film arehewable surface
are the most expressivehese theories most often require the resolution of a system of partial
or ordinary differential equations that describe the species' concentration profile
(GLASSCOCK; ROCHELLE, 1993)

In AGASA there is a molecular vaporized phase and a reactive liquid phase
containing ionic and molecular species.

The thermodynamic equilibrium approach is often chosen over a more formal (non
equilibrium) approacfMEDEIROS; BARBOSA; ARAUJO, 2013)The famal approach
requires a large amount of information, such as chemical, physical and geometric parameters
of the system, besides equilibrium constants, mass and heat transfer coefficients, kinetic
constants, mass transfer coefficients / interfacial haagtik coefficients, among others. It
is then a challenge to implement this amount of information in process simulators
(MEDEIROS; BARBOSAARAUJO, 2013)

For those who prefer doptthe thermodynamic equilibrium approach, one option
Is to use acoSto describe the vapor phase and an activity coefficient model to describe the
liquid phaseln other words, the thermodynamic modeling can be homogeneotsh{pbr

heterogeneous (gamnpdi). The firstemploysthe same equation to describe both liquid a
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vapor phases. In the second, an activity coefficient model is used to describe the liquid phase
and anEoSto describe the vapor phase.

For a broader purpose, Kontogeorf\ARSHOLM et al,, 2005)first studied the
behavior of pure amines and their binaries (with watlegholsand alkanes). Knowing that
amines are compounds that satsociate and that form hydrogen bonds when bound to
alkanes, the author carried out a study with the intentionadérstanding better the behavior
of these compoundéccording to the author, primary and secondary amines are compounds
that selfassociate and form nadeal solutions with organic compounds. Tertiary amines,
on the other hand, are not capable of-asociation. Given that the decision of which
association scheme to be used in the amine studies is not conclusive, Kontogeorgis
(KAARSHOLM et al, 2005)proposed a study to verify if for primary amines which of the
2B or 3B schemes would be more appropriitee results indicated a small difference when
using either scheme. Other important results were that using any of the Elliott-br CR
combiring rules it was possible to well describe the behavior of thE ¥ixture of amines
with alcoholsusing CPA. Fothe amine mixture with water the results were not satisfactory
and the rule CRL performed better than the Elliot rule. Good results were obtained in the

mixture of amines with alkanes using low value<bf.

In his work, Barrea(lBARREAU et al, 2006)adoptedhe heterogeneous approach,
using PR to model the gas phase and NRTL to model the liquid phase. This approach was
considered more adequate to model strongly asymmetric systems duoe farticles
electrolytic interactionsZare (ZARE; MIRZAEI, 2009) used Electrolyte NRTL (for the
liquid phase) and Amine ExperimentadS (for the gas phase).

An alternative to modeling is to combine the rigorous approach (from mass transfer)
and the less rigorous approach (based on thermodynamic equilibrium). This was done by
Glasscock (GLASSCOCK; ROCHELLE, 1993)who modeled the equilibrium using
Electrolyte NRTL and proposed a general methodology for the absorption of acid gases
considering chemical reactians

Another approeh is to usdeoS for the description of balance. In this context it is
possible to implement different combig rules, such as Valle@/ALLEE et al., 1999)
which used the SRK associated with the W&agndler mixing rule considering the
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electrolytic interactions through a term based on the Mean Spherical Association Theory
(MSA).

Medeiros(MEDEIROS; BARBOSA; ARAUJO, 2013 his work applied SRK
and PREoS to describe the behavior of liquid and vapor phasés. author models the
system using an approach basedh@mChemical heory. In this approach he considered the
formation of hypothetical neolatile complexes in the liquid phase.

In AGASA the liquid phase is composed primarily of water and alkanolamine. Thus,
the ions present in the solution may influence its prope(MESDEIROS; BARBOSA;
ARAUJO, 2013) This ionic interaction can be translated as solvation energies and hydrogen
bonds, forexample.

Some authors have modeled systems containing alkanolamines using CPA
(AVLUND et al, 2011; AVLUND; KONTOGEORGIS; MICHELSEN, 2008; SANTGS$
al., 2015; TSIVINTZELIS; ALI; KONTOGEORGIS, 2015Aviund suggested the need to
use other information to get thedbeset of parameters. Kontogeorgis suggested that among
the possible additional information, liquiduid equilibrium (LLE) data are the most
adequate to guarantee the best results in parameter estimation.

However, there was not much discussion aboup#nameter estimation strategy to
be used for modeling systems containing alkanolamBestogSANTOSet al, 2015)then
in her paper suggested two approaches to this estimationedure(considering the
utilization of LLE data in parallebr consecutively to th¥LE information in each of the
approaches).

A differencein the approaclkadoptedby Santos that is different from the one used
by other authordAVLUND et al, 2011; AVLUND; KONTOGEORGIS; MICHELSEN,
2008) is that in older works only a few parameters were checked agaiBstxperimental
data, whereas in the methodology proposeddmt&(SANTOSet al, 2015) all parameters
obtained through theéLE could be checked against thieE datg and therefores used here
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Chapter 3
Methodology

This chapter is dedicated to clarifying the mathematical medetdoyechere This
chapter describes the optimization methods used, the parameter estimation, sty
mathematical model presentaxd the Moving Windownethodology (used in the statistical

treatment of operational data obtained)

3.1 Optimization Methods

3.1.1 Particle Swarm Method (PSO)

The PSOalgorithm is based on the collective intelligence of swarms. The
methodology was described in 1995 by James Kennedy Rumkel C. Eberhart
(EBERHART; KENNEDY, 1995)

For adeterminegroblem there isa number of prelefined particles and interactions,
which sought to find the best solution. For this, each particle has information of its current
speed, its best position found and the best position found by the side.

The particles evaluathe best solion where they were (particle minimum) and the
best solution of the whole flock (global minimum).

The model was generated considering a space where the particles have position and
velocity. Its new positioris determined according to a weighting of theriral terms,

individual and collective, according Exjuatiors 21 and22:
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L istheparticlenew velocity which is a function @f and0 (which are random
numbers between 0 and 1), therticlecurrent speed , theparticlebest positionr} , the
particlecurrent positiorty , theparticle flockbest position] , theacceleration factorso
and® (which increasgthe particletendency to follow its best solution or the one of the
flock) andthe inertia factob whichdeterminsthe particle's tendency to continue to explore

a particular region of space and not to vary its velocity so much

*'m o'm o'm 22

w s theparticlenew position, which is a function of its current positionand its
new velocityv
A new value oD is calculated at each interaction to decrease the weight value of the

inertial term, according tBquation23:

23

0 "QoiSthe number of iterations, is the initial inertia factor and is the final
inertia factor

Larger inertia factors favor spae&ploration. Minor inertia factors cause the new
particle positions to be determined primarily by the best individual and global positions.

In all interactions it is checked whether the boundaries of the search region have
been exceeded. If yes, the velocity is then updated to a new velocity with half the magnitude
of the previous velocity, in the saragentationbut in opposite directionsr(ithe directiorio

returnto the limits).

3.1.2 Simplex Method

The Simplex metho(NELDER; MEAD, 1965)s a techniquappliedto determine,
numerically, the optimal solution of a Linear Programming model. Simplex was chosen

because it is a deterministic method relatively easynflement. This methot used in
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sequence of thapplicationof a stochastic method (PSO), so its initial conditions will already
bein theoryclose to a possible global minimum, facilitating thethodconvergence.

In general, the simplex method cons&ler number of p pointsthat form a
geometric figureavhen considering a plane of dimensiarkEach of thesgeometric figure
(or spatial coordinatgds formed by reflecting, contractingndbr expanding one of the
points according to thebjective functiorbest direction. Fosuch purposethe method has
three parameters, which represent each of the possible movements described (reflection

parameter, contraction parameter and expansion parameter).

3.2 Parameter Estimation

3.2.1 Objective Function

The objective functiondefinition is crucial in order to obtain good results in
parameter estimatiofAPIO; BOTELHO; TRIERWEILER, 2017)In this work, for the
studies involvingpure substancéLE datait was considered the objective function according

to Equation24:
J-o—"_JL+.J|_ ® - jI'—JL=|=.JL ®
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Where 0 and” are the vapor pressure and liquid density, respectively,

calculated by th€0S. 0 and”  are the experimental information.
The metric used foVLE calculationsn mixturesis based on thbubble pressure

calculation Equation25)

25
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The metric used fotLE calculations is based on thékanobhminecomposition in
the organic phase and the hydrocarbon in the polar pegeat{on26).
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Wherew is thealkanolaminecomposition in the organic phase aig h

is the hydrocarbon composition in the polar phase, calculated by theEGBAWhile

" ando i " arethe experimental data. is the number of experiments.

W
The objective functiongdoptedin this work are the same #ésoseadoptedby
Santos(SANTOSet al, 2015) sinceit is seekingto apply the sameparameter estimation

methodology proposed byisrauthor.

3.2.2 Equilibrium Calculations

Regarding the parameter estimation strategy, Kontoge(@iNTOGEORGIS,
GEORGIOS Met al, 2006)assemblesome observations: the energy of association can be
considered equal to the enthalpy of hydrogen bonding (which can be obtained by
spectroscopy or calorimetry). This information can be used to check association energy
values. Another suggestion is tidizationof LLE data from binariemixturesof associated
compounds and neassociated compounds (such as hydrocarbons) to determine the best set
of pure parameters of the associated compounds. Other information that heaydhegis
the second virial cdécient and the fraction of monomers (obtained by spectroscopy).
However, the former does not always provide pure parameters that can easily be used in
mixtures and the second presents insufficient data available.

Avlund (AVLUND; KONTOGEORGIS; MICHELSEN, 2008) simulated
hydrocarbon binariesiixtureswith alkanolamines (DEA, MEA and MEA). In that work
it was concluded that data relatedMbE are not sufficient to satisfactorily model these
mixtures. Thus, another type of information would be needed for the proper simulation of

these mixtures.
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The optimization methodor EoS parameter estimation is not something that is
widely discussed in the literats Santos(SANTOSet al, 2015)proposed two parameter
estimation strategies, both consideringlth& dataof binariesmixtures(in the case of MEA
with benzene and MEA with heptane).

The calculation strategy to be useldere for the VLE and LLE calculationsis
proposed bySantos(SANTOSet al, 2015) who has already pven that this strategy is
effective forsystems containingmines(Figure3).

In this the work, as the first step, the parameters for pure MEA were estimated,
without LLE datg using saturation pressure and liquid dgndata The MEA was chosen
as a didactic example, since it was the same alkanolamine chosen by(SAN®©®Set al,
2015)and therefore experimental data were availablegsultscomparison.

In a second step, for the DEA, the complete methodolag/used, including the
LLE data.

In this methodology, after the selection of the best result setsludihdata, a new
comparison with th&/LE dataisstudieq based on AAP% and AA}] % val

For this work, it was chosen the estimation strategy that considetd Ehelata

sequential to the estimation usiMgE data. This strategy is shownkingure3:
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Go Back to VLE
* Evaluate AAp(%) * SELECTTHE SOLUTION
* Evaluate AAP (%)

L'

Figure 3 - Methodology chosen dér the Estimation of Parameters
(obtained from (SANTOSet al, 2015)

Next, thereis a detailed procedure on parameter estimatianagedo obtain the
best set of parameters:

1°) To define the parameter search regimoply the PSO using a large range for
the parameters

2°) According to thedataexperimental errors, define the maximwaoceptable
value for the objective function. For DEA, fexample, DIPPRDesign Institute for Physical
Propertiesjndicates errors lessdah 3% for vapor pressure and less t&#nfor their liquid
densities. As it iknown, itis not possible for the model to present more reliable results than

the experimental datZherefore if it is made the consideration that pgtd  and

” P8t 0 and apply them ilEquation24, it is obtaired Equation27:
. 4= 8 27

Thus, objective function values below 0B0G@restatisticallyaccepted (considering

experimental errors).
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3°) After obtaining the results using tMLE data, use the parameters considering
the DEA andhydrocarborLLE. The hydrocarbon is considered a compound that does not
associate and its parameters are calculated based on its critical properties and acentric factor.
An aliphatic hydrocarbon is the best solutibecauseit can be considered an inert
component, modeteby SRK. A consideration by Sant(BANTOSet al, 2015)was that

theassociatiorparameter (Equation28).
Dis Ao md» 28

At this stagethe binary parameté® is equal to zer¢Equation29).

29

4°) The 10 best results should be tested agaimgVLE data.The best selected

one isused forQ estimation.

3.3 CPA Mathematical Model

The CPAEquation(KONTOGEORGIS, G. Met al, 1996)is composedy asum
of two terms, one referring to thghysical interactions, which is exactly the same as the SRK
model. And the other term refers to the chemical associationEdhation30 presents the
equation

J J J . m rall
Pt 4 4 i n

L o

T 'H' O o 'H' T w4 30

WhereT is the temperatur®, is thepressureR is theideal gasesniversal constant,
w isthe molar volume is the mok fraction of moleculesype "“thot bounéd withsite
typed andw isthe mokfraction of componeri©xw "Y the energy parameter of the physical
partandb is thecovolume

@ "Yis calculated usingquation31:
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H+ + ® o

“Yis the reduced temperature.

@ is calculated usingquation32:

u”_

By~ ¥

WhereY is the intensity of association between the tgpsite on molecule

and the type B site on molecyléeThis term is calculated usigguation33:

33

=l ) "=BHo '|?

- is the energy of association gnd is the volume of associatiofw
is the radial distribution function for the reference fluid. The latter term can be calculated
usingEquatiors 34 and35.

I o »-. 8 K 34

+ 35

o

, Is thefluid reduced density

3.4 Moving Window Methodology

The noving window methodology is related to the characterization opteess
in terms & steady state informationin the thermodynamic studyhis non-stationary
information isundesirable, since is preferablehatthe chemical speciesenearthe steady
stae and operationatansients do not have great influence on the results.

By calculating the variances and correlation coefficients of the data sets, the one

with the lowest correlation coefficient is usually the best candidate of the analyzed period to

28



consider that the selected data setaar thesteady statdt follows a numericexamplefor
betterunderstanihg (Tablel).

Table 1 - Numerical example of hypothetical operational data to simplify the understanding of
the calculation of the correlation coefficient and its interpretationin the analysis of the
interdependence between data.

N° Date Temperature °C
1 13-Apr-18 22:00:00 43.368
2 13-Apr-18 22:20:00 43.185
3 13-Apr-18 22:40:00 43.002
4 13-Apr-18 23:00:00 42.966
5 13-Apr-18 23:20:00 42.980
6 13-Apr-18 23:40:00 42.993

Considering a windoweomposed ofive data throughTable 1, it is possible to
consider two data windowsne starting a22:00 and ending at 23:2Aymber 1 through 5)
and the second windowstarting at22:20 and ending at 23:40ymber2 through 6).
Comparing the two windows, the correlation coefficient is 0.900. Thus, the data above
indicate transience and therefore are not the most suitable fetetioly state systestudy.
Thecorrelation coefficient calculation is facilitated by tecel functiomn CORREL

The confidence interval indicatbow close the obtained data is to the actual values
(SCHWAAB; PINTO, 2007. When this range is largaumerousvalues are contained in
these and the range of acceptable values is largereBhéisreliability is relatively low.
When the confidence interval is narrower, the acceptable values are closer to the measured
valuesand therefore their reliability is considerably h{FCHWAAB; PINTO, 2007)

Table 2 - Numerical example of hypothetical operational data to simplify the understandingf
confidence intervalcalculation. 95% of confidence levelvas considered.

Moving Window Average Values Confidence Interval
1 43.100 [42.884; 43.316]
2 43.025 [42.913; 43.137]

29



Working withthealreadymentioned examp)é is possiblecalculate the confidence
intervals through theExcebb dunction INT.CONFIANCA.T. For thisthe St udent 6 s
corresponding to 95% confidence leiglsed

According toTable2, it can be concluded that theovingwindow 2 presents more
reliable data than those ofoving window 1, since its confidence interval is narrowkr.
other words, the difference between the upper and lower limitewingwindow 2 0.224
is smaller than the differende movingwindow 1 0.432.

It is important to mention that there are mooenplex andsophisticated statistical
treatments to anate the influence of transience on ddiat nevertheless$or the industrial
application it was concluded that the miag window methodology was adequate for the

operational data statistical treatment to be presented in Chapter 4.

3.5 ProcessSimulation in Petrox

The parameter estimatias performed in theThermOptimizersoftware, which

interfaceis according td-igure4:

# ThermOptimizer - Alpha Version o

Load.. - Save.. ~ Options Run._. ~ Component Data Bank

Input  Qutput
Pure Component Binary Mixture Multicomponent Mixture
Input Data Thermodynamic Model
Companent Name
[ Is Water Equation of State Alpha Function
Cubic-Plus-Association ~ A
Cnttical Temperature [K]  Critical Pressure [bar] Acentric Factor w
Fa RT  aya(c,T) RTgK,
V—b V(V+b) 2V a(cyT,) = [1+ ¢,(1—~T9%)2
Temperature  Pressure = Sn
() bar] X, = Z(l - Xy) = f8,V)
| L . A
T T 1 .
¢ s
A =bBg(V){exp——1
Ba(V)(exp o ]
CPA Component Association Scheme
® No Scheme 4Cc 28
+2 Solvation
Objective Function Parameters to be Estimated

Pressure Calculate Objective Function...

Nexp outs exp 2
1 Z (B —B™7)
Newp — (P:.t\xv)l‘

Vanal

nces
v ;
Experimental Point Fixed ABORT CALCULATIONS

Figure 4 - ThermOptimizer Software Interface

(Software adoptedin the parameter estimationin this work).
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In order to proceed with parameter estimation, it was necessary to obtain
experimental data from a reliable databaSor this reason, data were extracted from the
Design Institute for Physical Properties (DIPPR) datafas&DEM, 2004).

The mathematical strategynployedo obtain the global minimum of the objective
function was to use a stochastic method (PSO) first with the subseapmiationof a
deterministic method (SIMPLEX). The PStnducteda wide sweep in thparameters
feasibleregion to searcfor the global minimum and map the local minimums. Thus, its best
resultswere usedhs an initial condition so that the deterministic methaddcéind the best
set of values that minimized the objective function.

A problem in the search for the global minimum is the presence of local umram
One way to overcome this difficulty is to use a stochasarch method that scahrough
large regimslooking forthe global minimum and ideni#s the presence of local mimas
(SCHWAAB; PINTO, 2007)This longrange scanning is not something characteristic of the
deterministic method. Thuadopting only the SIMPLEX Method,would be possible that
the results obtained did not correspond to the global minimum of the search region.

The firstmodeledcomponent was MEA, since thererg availablen the literature
equilibrium data of this pure component associated to a proposed parameter estimation
strategy.In addition its parameter estimatioprocedurehad a character of comparison
between the differenEoS (CPA, SRK and PR)adoptingthe samerarameter estimation
strategyfor eachEoS. It is important to note that the alkanolamine MEA is not present in the
industrial gas absorption unit to be simulated. Its parameter estimation is didactic and
comparative in relation to the efficiency of thettmodynamic equilibrium prediction using
differentEoS

After that the DEA compound was studied, taking into consideration its modeling
using VLE and LLE data (details will be demonstrated in the next sections). The parameters
obtained in this stewere inserted in the Petrox simulator.

The Petrox software is a process simulator developed by Petrobras and in an article
published in 20183SANTOSet al, 2015) the authors present the structure of this tool and
the implementation procedure of EdE CPA in the software using the CERE / DTU dll. During
this development, the DEA parameters were inserted into the PETROXx database to expand

the previously incorporated model.
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Chapter 4

Results and Discussion

4.1 Pure MEA Parameter Estimation

As mentioned, two optimization methods wedoptedo estimate the parameters
of the pure compounds (PSO and Simpldr).all simulations thesameinternal PSO
parameters were use@xcluding number of particles and number itdrationd and
SIMPLEX. This information can be found in the

Table3 andTable4.

Table 3 - PSOparameters for EoS Analysis for Pure MEA parameter estimation.

PSO Parameters

Maximum number of iterations 200
Maximum number of species 100
Individual Factor 1
Global Factory 0.1
Inertia Facto 0.9
Inertia Factoi 0.001
Tolerance 0.0001

The PSO parameters ariimplex parametersisedare those that are part of the
ThermOptimizerdefault. It was not the scope of this study to evaluate the impact of these

numberson the results obtained in ttleermodynami@arameter estimation.
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In order to compare the resultsween the differenEoS the same parameter limits
for the EoS equations were usedd, wand®). The epsilon and beta parameters are only
found in CPAEOS It was necessary for the parameter limits to satisfy the Ba®&nabling
the optimization minod to converge For that, tests were carried out that led to the set of
intervals presented iifiable 5. There was concern that no parameter was limited by the
mathematical range imposethe limits presented ifiable5 are those of ThermOptmizer
default

Table 4 - SIMPLEX parameters for EoS Analysis for Pure MEA parameter estimation.

SIMPLEX Parameters

Maximum number of iterations 1000
Reflection Factor Alpha 1
Contraction Factor Beta 0.5

Expansion Factor Gamma 2

Table 5 - Parameters Constraints for the CubicEoSand CPAfor Pure MEA parameter
estimation. Parameters+ , 4 and 4k were used for all equations and epsilon and beta
parameters were used only for CPAEquilibrium data from DIPPR(DIADEM, 2004).

Parameters Lower Bounds Upper Bounds
® (bar.L’moP) 8 40
o(L/mol) 0.01 0.1
@ 0.1 2.0
-IR (K) 100 2500
1.10° 0.1 100

As an additional wayo comparehe results of the executions using the different
EoS common in literaturéAVLUND; KONTOGEORGIS; MICHELSEN, 2008; SANTS
et al, 2015; TSIVINTZELISet al, 2011)and thereforenanagedn this work as anetric, is
the Average Absolute Deviatiar the Pressurg®AP%), defined according t&quation36.

J L]
ol Rl
==1i 1 36

J-.1 ”—go—

0 is the number of experiments
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0 is the saturation pressure

SuperscripQ @ means experimental analc) tnéans calculated

The MEA parameters were estimated using the thesCPA, SRK and PR) and
the resultsare presented ihable6:

Table 6 - Comparison between three differentEoS(CPA, SRK and PR).Pure MEA
parameter estimation.Equilibrium data from DIPPR (DIADEM, 2004).

Parameters
Eo0S Optimization F 1t
Method {4 ® d it 3. 4= AAP% lterations
0o m 0o m
PR PSO 17670 0.055 1.218 5.150E3 - 76
Simplex 17671 0.055 1.218 5.150E3 5.276% 69
SRK PSO 15.497 0.055 1.261 3.285.E3 - 73
Simplex 15.468 0.055 1.262 3.279E3 4521% 79
PSO 9.332 0.055 1.338 2.089.E3 - 74
CPA

Simplex 13.874 0.056 0.946 5.620.E* 1.694% 981

According toTable6, it can be concluded that CPA presented better results than the
other twoEoS, which means th&PA can possiblpetterpredictMEA equilibrium behavior
than the otheequatiors. Therefore,the study continued using CPEoS One point of
attention is that the parametestimation using CPA required a greater number of Simplex
iterations tharSBRK and PRAN explanation for this fact may be the need to adjust 2 extra
parametersgpsilonandbetg compared to the other two Eo0S.

In order to validate the results generated in the chosen parameter estimation strategy,
the results generated for MEA were compared with the literdBASTOS, et al, 2015)
Table7 presets the esults of this comparison

The comparison with the literaturegsatisfactory and thus validate thareMEA
parameteestimatiorresults. According tdable7, the results werslightly better(1.694 %)
than those in the literatu(8.905 %) regarding the AAP% values.

34



Table 7 - Pure MEA parameter estimation results comparison with literature data(SANTOS
et al, 2015) Parameter estimation applying the CPAE0S. Equilibrium data from
DIPPR(DIADEM, 2004).

T T £
+4+ # . 2* +4+» 1000* 7 AAP%
Qo m o Qo m
MEA
Esti 13.874 005 0946 140060 11600  1.69%%
stimate
MEA
L 14.382 0.055  0.627 184210 4.730 3.905%
iterature

Next some graphgeneratedor the thermodynamic modeling contemplating the

calculations of saturatigoressure curves, liquid density and parametric aisly
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Figure 5 - Pure MEA using PR E0S. a) Saturation pressures b) Liquid Densities ¢) Saturation

Curve. Solid line represents the data calculated by théhermodynamic model. The dotted line

represents the experimental datalO0experimental points were used betweed.42- 0.90{|:| .
MEA experimental data from DIPPR(DIADEM, 2004).
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Figure 5 (continuation)- Pure MEA using PREO0S. a) Saturation pressures b) Liquid Densities
c) Saturation Curve. Solid line represents the data calculated by the thermodynamic model.
The dotted line represents the experimental data. 100 experimental points were used between
0.42- 0.904|4 . MEA experimental data from DIPPR(DIADEM, 2004).
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Saturation Curve. The solid line represents the data calculated by the thermodynamic model.
The dotted line represents the experimental data. 100 experimental points were used between

0.42- 0.904y. MEA experimental data from DIPPR(DIADEM, 2004).
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Based orFigure5, Figure6 andFigure7, it is possible to observe visually, not only
by the numerical values commented on inTable7, that CPA has the potential to model
polarcompound, since it presents satisfactory restttsipared withthe otherEoS.

According to &ntogSANTOS et al, 2015) The DIPPR database indicates for
MEA errors less than 10% in the vapor pressure and less than 3% in thedbggites.

Since it isnot expectedo have a model with more reliable data than the experimental data,

assuming that the limit values for the experimental pressure i8 pd0  and for

the experimentdiquid density is” h p8t & , the maximum accegblevalue for
the objective function is 0.0109 (applying this conceEaguation36).

Here are the grapli&igure8) generated with the CPA parametric analysis. These
graphs were generated in the region where the maximum objective function is, Gh@h09

all points in thegraph are possible regions mathematically and thermodynamically speaking
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Figure 8 - Parametric Analysis of Pure MEA parameter estimation with CPA. (a) betai =|= ;
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DIPPR (DIADEM, 2004).
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In Figure9 (a, c, d and e) it is possible to visualize the presenloealfminimas. If
only the Smplex method were used, it could find a locaihima region and the method
would converge in thiarea unlike the PSO, which, through its various partickesgrches
for the best individual and flock result and thus is able to identify these rebjienseit is
clear the importance of using a stochastic method before using a deterroimesiadentify
these local mimhaand to find the global minimum.

OncePure MEAparameter estimation and its validation with the literature were

completed, th®EA parameteestimationwere then followed.

Objective Function Values
PSO Method - ObjF Evaluations e
0.0109- -
o’
8 0.00872 " 0.00731
,§
S5 0.00654
L
g .
5 0.00436 - : 0,00473
O )
e -
O  0.00218- '
0 T ' \
8 144 20.8 27.2 33.6 40 Y-
Parameter a0 [bar.L"2/mol*2]
0.00218
C))
Objective Function Values
PSO Method - ObjF Evaluations e
0.0109+
:
6 0.00872 , 0.00737
2
S 0.00654
I
9 ‘
£ 0.00436- e
9
o
O 0.00218 '
0 ! ' Y
0.01 0.028 0.046 0.064 0.082 0.1 o
Parameter b [L/mol]
0.00210
(b)

Figure 9 - Parametric AnalyS|s of Pure MEA parameter estimation with CPA. (a)3. 41 + ;
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Figure 9 (contlnuatlon) Parametrlc AnalyS|s of Pure MEA parameter estimation with CPA.

J ; (d) 9. 4i-eps/R; (e)5. i-beta.Parameters estimated
using optimization method PSO MaX|mum number of 200 iterations and 200 particles. The
maximum objective function value considered is 0.0190. 100 experimental points were used

between 0.42 0.9044 . Experimental data from DIPPR (DIADEM, 2004).
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4.2 Pure DEA Paramder Estimation

In order to obtain theureDEA final parametersseveral simulations were carried
out aiming to guarantee a global minimum. For this, the first estincatesderedwide
intervals of the parameters. In this way, the stochastic method, PSO, could search for a wide
area, searching for the global minimwand also identifying local mima (which were
visually recognized). At each new simulation, the parameter intervals became smaller and
smaller, and sdid the objective function.

Once the final parameter interval was determined, a new simulation wad caitrie
with a large number of particles and interactions, in order to guarantee greater accuracy in

the estimated final parameters.

4.2.1 A didactic way of understanding the simulationsvork flow

In the parameter estimati@tep hundreds of simulations were pmrhed until the
final parameters of each compound could be obtained. For the presentation in this work, key
simulations were selected, which facilitate the <igstep understanding of the
methodology used to obtain the firmales

The 12 main simulationsperformed to estimate theure DEA parameterare
presentedhext They carbesectorized into three types:

1°) Initial simulations §imulations 1, 2 and)3usingseveraparticles and iterations
in the PSOgconsideringlarge parametersntervals.Its purposds to mapfavorablesearch
intervals and identify locahinimas.

2°) Simulations of trial and errosimulations4, 5, 6, 7, 8, 9 and 10, where the
intervals obtained through timatial simulations results explored. This simulation provide
possible better ranges for the parameters.

3°) Final simulations gimulations11 and 12), where a large number of particles
and iterationsgs used in the PSO, using small intervals obtained through the trial and error
simulaions. Its objective is to obtain central values for the parameters, whingerted in a

range that takes into account the confidence interval based on the experimental errors
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4.2.2 Initial simulations
The initial simulationshereafteSIM (in tables)were routed in order to scan a large

search area. These simulations used the following parameters of PSO and Siaipe& (

andTable9):

Table 8 - PSOparameters for E0S Analysis for Pure DEA parameter estimation.

Parameters SIM1 SIM2 and SIM3

Maximum number oiterations 250 200

Maximum number of species 1000 1000

Individual Factormo 1 1

Global Factoro 0.1 0.1
Inertia Factoio 0.9 0.9

Inertia Facto 0.1 0.1

Tolerance 0.0001 0.0001

Table 9 - Simplex parameters for EoS Analysis for Pure DEA parameter estimation

SIMPLEX Parameters

Maximum number of iterations 1000
Reflection Factor Alpha 1
Contraction Factor Beta 0.5
Expansion Factor Gamma 2

Tolerance 107

The parameters restrictions gmesented in th€able10, TablellandTablel2

Table 10- SIM1 parameter constraints for pure DEA parameter estimation using CPAEo0S
considering onlyVLE data. Equilibrium data from DIPPR (DIADEM, 2004).

Parameters Lower Bounds Upper Bounds
@ (bar.L’moP) 5 100
o(L/mol) 0.01 5
@ 1 5
-IR (K) 100 3000
I .10° 10 200
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Table 11 - SIM2 parameter constraints for pure DEA parameter estimation using CPAEo0S
considering onlyVLE data. Equilibrium data from DIPPR (DIAD EM, 2004)

Parameters Lower Bounds Upper Bounds
® (bar.Ll?/moP) 5 50
o (L/mol) 0.001 2
) 1 2
-IR (K) 300 1800
I .10° 20 100

Table 12 SIM 3 parameter constraintsfor pure DEA parameter estimation applying CPA
EoSconsidering onlyVLE data. Equilibrium data from DIPPR (DIA DEM, 2004).

Parameters Lower Bounds Upper Bounds
@ (bar.L2/moP) 16.0 320
o (L/mol) 0.0001 1.0
@ 1.2 2.0
-IR (K) 1100 2200
I .10 20 60

A further way of comparing thearameter estimatiaesults whichis alsoadopted
here is theAverage Absolute Deviatioof the Liquid Density(AA} %), defined according
to Equatior38:

- Ligd
48 AT 37

Theparameter estimation results areown inTable13:
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Table 13- SIM1, SIM2 and SIM3 Pure DEA parameter estimation results applying CPAE0S
considering only VLE data. Equilib rium data from DIPPR (DIADEM, 2004).

SIM1 SIM2 SIM3

Parameters : : :
PSO Simplex PSO Simplex PSO Simplex
(barfz’ 1moP) 26560 31962 23504 30418 21324 16.020
o(L/mol) 0.096 0.093 0.095 0.094 0.095 0.093
o 1.643 1.477 1.600 1.530 1.730 2.000
-TY (K) 876878 100011 1555805 310313 1574023 1928824
1000* 78921 10 41961 89805 54772 58428
Qoo 468E*% 205E* 6.25E* 245E% 586E* 444 E4
AAP% 1.16% 1.13% 1.48%  1.05%  1.42% 1.34%
AA% 1.40% 0.43% 154%  082%  1.50% 1.20%

FromFigurel0to Figurellit can be seethe PSO graphs for SIMAnd SIM3

that indicate the large search zananagedy the method:
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(a)
Figure 10- Parametric Analysis of the Initial Simulations (SIM1).(a)3. fisF ; (b) 3. 4i=t:
©73- _H_IJ”L- ;(d) 3. er';;;;eps/R; (e #l';;;;;;beta. Parameters estimated using CPA and
optimization method PSQ Maximum number of 200 iterations and1000 particles. The

maximum objective function value considered is 0@b. 100 experimental points were used
between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004) .
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Figure 10 (continuation)- Parametric Analysis of the Initial Simulations (SIM1).(a) F_obji
a_0; (b) F_obj b; (c) F_obji ¢c_1; (d) F_obj eps/R; (e) F_obj beta. Parameters estimated
using CPA and optmization method PSO. Maximum number of 200 iterations and 1000
particles. The maximum objective function value considered is 0.005. 100 experimental points
were used between 0.550.90 T_R. Experimental data from DIPPR(DIADEM, 2004) .
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Figure 10 (contlnuatlon) Parametric Analysis of the Initial Simulations (SIM1).(a)q. i =|=
ps/R (e)7- Hi= :beta. Parameters estimated using CPA and

optlmlzatlon method PSO. Maximum number of 200 iterations and 1000 particles. The
maximum objective function value considered is 0.005. 100 experimental points were used

ik @1

(e)

between 0.55 0.90 T_R. Experimentaldata from DIPPR(DIADEM, 2004) .

Based on the possible global minimum obtained by simulatipBsadd 3 it was
proceeded to the trial and error simulations. Special attention was giver tarldespson

parameters, since the simulationgigurellindicatedthe presence of local minimaéhus,

different ranges of intervals were studied for these parameters.
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Figure 11 - Parametric Analysis of the Initial Simulations (SIM3). (a) 5. ; (0) 9.
(©)9. iz (d) 5. yizeps/R; (e). eta. Parameters estimated using CPA and
optimization method PSQ Maximum number of 200 iterations and1000 particles. The
maximum objective function value considered is 0@b. 100 experimental points were used
between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Figure 11 (contlnuatlon) Parametric Analysis of the Initial Simulations (SIM3).(a) 5.

(b) 5. 4 -H- (©) 9. 4iq r ; (d) 9. 4i-eps/R; (e)5. 4i-beta. Parameters estimatedising CPA and

optimization method PSQ Maximum number of 200 iterations and1000 particles. The
maximum objective function value considered is 0@b. 100 experimental points were used

between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Figure 11 (continuation)- Parametric Analysis of the Initial Simulations (SIM3).(a) 3. _H_I=|= ;
(b) 3. yi=ft; (€)3. yisr: (d) 7. 4izeps/R; (). jizbeta. Parametersestimated using CPA and
optimization method PSQ Maximum number of 200 iterations and1000 particles. The
maximum objective function value considered is O@b. 100 experimental points were used
between 055 - 0.9044 . Experimental data from DIPPR(DIADEM, 2004).

4.2.3 Simulations of trial and error

Simulations4, 5, 6, 7, 8, 9 and 10are considered trial and error simulations, where
the regions indicated by simulations2land 3were testedin these simulations, depending
on each case, a different number of particles and iterations was applied for each interval
studied

For simulationg}, 5, 6 and7 the following sets of parameters for R8O were used
in Tablel14.

Table 14 - PSOparameters for the trial and error simulations SIM4, SIM5, SIM6 and SIM7
considering PureDEA parameter estimation

PSO Parameters

Maximumnumber of iterations 1000
Maximum number of species 1000
Individual Factoro 1
Global Factor 0.1
Inertia Factoio 0.9
Inertia Factoio 0.1
Tolerance 0.0001
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The parameterset for the SIMPLEX method are the same as theséin

simulations 12 and 3 In Tablel15 are the results obtained for thenentioned simulations.

Table 15- Results of trial and error simulations SIM4, SIM5, SIM6 and SIM7 considering
Pure DEA parameter estimationapplying CPA EoSconsidering onlyVLE data. Equilibrium
data from DIPPR(DIADEM, 2004).

T R
Simulaton 4+ ® 4 4 L 1000*0 F.4= AAP AAy
Oc-®m [om

PSO 22.226 0.094 1.733 1418766 61971 5.72E*1.39% 1.50%

SIM4

Simplex  18.600 0.094 1.785 1876310 47977 5.39E*1.39% 1.42%
PSO 23470 0.095 1.610 1534035 43871 6.21E*1.46% 1.54%

SIM5
Simplex  25.375 0.095 1.673 1005463 76.109 4.82E*1.23% 1.42%

PSO 25.270 0.095 1.645 1128696 62534 5.11E*1.29% 1.44%
Simplex 28500 0.095 1567 750326 61228 3.63E*1.15% 1.16%

SIM6

PSO 24.286 0.095 1.717 1088616 78944 511E*1.27% 1.46%
Simplex 28500 0.095 1.602 500000 110000 3.24E*1.04% 1.14%

SIM7

In Figurel2it can be seethe PSO graphs for SIkthat indicatehe most restricted
intervals set and the application of a relatively large number of particles in the global

minimum search
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Figure 12 - Parametric Analysis of the Trial and Error Simulation (SIM7). (). 4i ={= ; (b)
- fifk (©) 9. 4izgk: (d) 3. yizeps/R; (e)5. fi=beta.Parameters estimated using CPA and
optimization method PSQ Maximum number of 1000 iterations and1000 particles. The
maximum objective function value considered is 0@b. 100 experimental points were used
between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Flgure 12(cont|nuat|on) Parametric AnaIyS|s of the Trial and Error Simulation (SIM7). (a)
3. fisF 5 (D) 7. fisfh (©)3. 4izF; (d) 3. 4izeps/R; (e)5. yi=beta.Parameters estimated using
CPA and optimization method PSO Maximum number of 1000 iterations and1000 particles.
The maximum objective function value considered is 005. 100 experimental points were used

between 055 - 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Objective Function Values
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(e)
Flgure 12 (contlnuatlon) Parametrlc Analysis of the Trial and Error Simulation (SIM7). (a)
. ' 4F ; (d) 3. fi=eps/R; (e). yizbeta.Parameters estimated using
CPA and optlmlza on meth PSO Maximum number of 1000 iterations and1000 patrticles.

The maximum objective function value considered is 005. 100 experimental points were used
between 055 - 0.904|, . Experimental data from DIPPR(DIADEM, 2004).

It is evidentthe presence dfifferent minimafor the parameter® , &, epslon and
beta in the intervals established for simulation SIWVhis can be visualized ithhe modified
Figurel3(d), where it is possible to visualize thesmimas (purple circles).

The large number of particles allows a large area to be swept and thus both the
possibleglobalminimumandlocal minimaare identified.

Simulation 7 was the one that led to the lowest vahié® ;-4 AP % and AA}] %.
The parameters estimated by this simulation were the basis of the intervals used in
simulatiors 8, 9, and 10.Thesesimulations used the following parameters of PSO and
Simpex (Table16).
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Table 16 - PSOparameters for the trial and error simulations SIM 8, SIM9 and SIM10
consideringPure DEA parameter estimation.

PSO Parameters

Simulation SIM8 SIM9 SIM10
Maximum number of iterations 500 300 200
Maximum number of species 500 300 500
Individual Factom 1 1 1
Global Facto 0.1 0.1 0.1
Inertia Facton 0.9 0.9 0.9
Inertia Facton 0.1 0.1 0.1
Tolerance 0.0001 0.0001 0.0001
Objective Function Values
PSO Method - ObjF Evaluations hsspad
0.005 - o
¥
-8- 0.004 | |? -
; L AN O
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Figure 13 - Modified Figure 12(d) -3. #l‘;;;;;eps/R.Highlights ofthe presence of locaminimas
(purple circles) in pure DEA parameter estimation Parameters estimated using CPA and
optimization method PSQ Maximum number of 1000 iterations and1000 particles. The
maximum objective function value considered is 0@b. 100 experimental points were used
between 055- 0.904|, . Experimental data from DIPPR(DIADEM, 2004).

The results of simulation,® and 1Gre shown imablel7.
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Table 17 - Results of trial and error simulations SIM8, SIM9 and SIM 10 consideringPure
DEA parameter estimationapplying CPA EoSconsidering onlyVLE data. Equilibr ium data
from DIPPR (DIADEM, 2004).

+ 1

eR 1000*
Simulation {4 9 4 L s
O-m Qo m

AAP AA|

PSO 26.381 0.95 1.626 977435 66126 4.61E* 1.23% 1.37%

SIM8
Simplex  30.000 0.94 1508 750000 35053 3.21E* 1.22% 0.94%

PSO 27536 0.095 1.635 621575 104928 3.70E* 1.10% 1.24%
SIM9

Simplex 31970 0.093 1477 1.867 469947 2.05E* 1.13% 0.43%

PSO 9.925 0.089 2.1212728828 32757 5.25E° 0.33% 0.50%

SIM10
Simplex  7.862 0.087 2.440 2825685 34430 1.10.E® 0.14% 0.23%

Simulation 10 presented the bestults among the three simulations (SIM8, SIM 9
and SIM10) obtaining satisfactoryobjective function, AAPo a nd A ¥ajué The
parameters intervalieterminedn simulation10 were the basis for the intervals used in the
final simulations.It is worth to notice thatthe value of-/R is quite different in all the
presented simulations, not clearly showing the convergence of the parameter to a definitive
value (leading to a gl@b minimum).

In Figure 14, it can be seetthe PSO graphs for SIM that indicateeven more

restricted intervaland lower objective function values

59



Objective Function Values
PSO Method - ObjF Evaluations et
0.005 3.010E-003
0004 | 1.531E-003
c
2
E
S 0.003
L 5.453E-004
2
'*(—'_) 0.002 4 -
[0]
X
O
0.001
et ‘- 1.018E-004
0 g : :
5 8 1 14 17 20
Parameter a0 [bar.L*2/mol*2]
5.250E-005
(a)
Objective Function Values
PSO Method - ObjF Evaluations LomEan
0.005 3.010E-003
0004 | 1.531E-003
c
°
g
€ 0.003
[N 5.453E-004
¢
§ 0.002 _
L
(@]
0.001
rﬂ!-‘-i.‘iﬁ 1.018E-004
0 : S : :
0.075 0.083 0.091 0.099 0.107 0.115
Parameter b [L/mol]
5.250E-005

(b)

Figure 14 - Parametric Analysis of the Trial and Error Simulation (SIM10). (a)9. ; (b)
3. fifk (©) 3. 4izgk: (d) 3. yizeps/R; (e)5. fi=beta.Parameters estimated using CPA and
optimization method PSQ Maximum number of 1000 iterations and1000 particles. The
maximum objective function value considered is 0@b. 100 experimental points were used
between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Flgure 14 (contlnuatlon) Parametrlc AnaIyS|s of the Trial and Error Simulation (SIM10). (a)

L (D) 5. gk (©) 7. gisgk; (d) 5. ps/R; (e). yizbeta. Parameters estimated using

CPA and optimization method PSO Maximum number of 1000 iterations and1000 particles.

The maximum objective function value considered is 005. 100 experimental points were used
between 055 - 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Figure 14 (continuation)- Parametric Analysis of the Trial and Error Simulation (SIM10). (a)
3. 4izF ; (b) 7. i=fk (©) 3. fiaF; (d) 3. 4izeps/R; (e)q. yi=beta.Parameters estimated using
CPA and optimization method PSO Maximum number of 1000 iterations and1000 particles.

The maximum objective function value considered is 00b. 100 experimental points were used

between 055 - 0.9094 . Experimental data from DIPPR(DIADEM, 2004).

4.2.4 Final Simulations

Simulations1l and P aimed to obtain the final set of parameters for pure DEA
considering only VLE dataor this, a largaumberof particles $00) and iterations1(000

of the PSO associated with a narrow range of parameters were used.

Table 18- SIM11 and SIM12parameter constraintsfor pure DEA parameter estimation
applying CPA EoSconsidering onlyVLE data. Equilibrium data from DIPPR (DIADEM,

2004)
SIM11 SIM12
Parameters
Lower Bounds Upper Bounds Lower Bounds Upper Bounds

@& (bar.L?mol) 5.000 20.000 5.000 12.000

(L/mol) 0.075 0.115 0.080 0.110

@ 1.000 4.000 1.500 3.500
-IR (K) 1250000 3500.000 2000000 3500000

1 .10° 5.000 150000 20.000 80.000
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The best results obtained in the trial and error simulations served as a basis for the
intervals ofsimulation 11 The intervals obtained in simulatiddi served as the basis for the
determination of the intervaketin simulation 2 (intervals which are more restrictivéij

Tablel8are the intervals used in each simulation

Thementioned simulations results areTliable19:

Table 19 - Results offinal simulations SIM11 and SIM12 consideringPure DEA parameter
estimation applying CPA EoSconsidering onlyVLE data. Equilibrium data from
DIPPR(DIADEM, 2004).

4 LR

Simulation I+ » d s L 1000* 7 q. 4= AAP AA}

Oo m Oo m
PSO 8.184 0.088 28672455415 57.308 1.09E* 0.84%0.24%
Simplex  7.946 0.087 2.3922843879 33281 1.06E° 0.15%0.23%

SIM11

PSO 9.447 0.0890 2.4412542973 44790 7.17E> 0.63%0.33%

SIM12
Simplex  7.948 0.087 23922843811 33280 1.06E° 0.15%0.23%

The Q@ ¢ APP% and AA; % values are the same up to the fifth decimal place. Since
the results of the simulation SIM12 are similar to those of the simulation SIM11 but with a
more restrictive interval, it was decided to consider the parameters estimated in SIM12 as the
final paraneters of the pure DEA, when considering only VLE data

Figurel5represents the graphs of simulation TBe maximum value indicated in
the graphs is 0.0050 (highestatistically acceptable value for the objective function). Thus,

all the points presented in these graphs are statistically correct.
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Figure 15- Parametric Analysis of the Final Simulation (SIM12).(a) 7. i =|= ; (b)) 9. 4

3. 4i=r; (d) 7. fizeps/R; (eR.
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eta. Parameters estimated using CPA and optimization

method PSQ Maximum number of 1000 iterations and200 particles. The maximum objective

function value considered is 0.05. 100 experimental points were used betweenss.- O.90{|4 :
Experimental data from DIPPR(DIADEM, 2004).
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Figure 15 (continuation)- Parametric Analysis of the Final Simulation (SIM12).(a). 4 =+ ;
(0) 3. 4i=dk (©) 9. 4t (d) 7. ps/R; (). yizbeta. Parameters estimated uisig CPA and
optimization method PSQ Maximum number of 1000 iterations and200 particles. The

maximum objective function value considered is 0@b. 100 experimental points were used

between 055- 0.9044 . Experimental data from DIPPR(DIADEM, 2004).
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Figure 15 (continuation)- Parametric Analysis of the Final Simulation (SIM12).(a) 7. iz ;
(b) 3. yift; (€)3. 4isr s (d) 7. 4izeps/R; (). yizbeta. Parameters estimated Ling CPA and
optimization method PSQ Maximum number of 1000 iterations and200 particles. The

maximum objective function value considered is O@b. 100 experimental points were used
between 055 - 0.904| . Experimental data from DIPPR(DIADEM, 2004).

All the parameterpresented ifrigure 15 are statisticallyaccepted since they lead
to an objective function smaller than 530A parametric analysis of the estimated
parameters &ws the identification of the range of statistically accepted parameters
indicated by the redimulatedellipse present in the grap{isgurel6).

Consideringo the experimental errors of saturation pressure and liquid density, it
is possible to obtain a statistically accepted region based ogsthies found in SIM1¢Table
20).

Table 20- Final parameter intervals generated frompure DEA parameter estimation applying
CPA consideringonly VLE data. The parameter interval was generatectonsideringthe pure
DEA experimental data error.

Parameters Lower Bounds Upper Bounds
® (bar.L?’moP) 6.349 11.399
o(L/mol) 0.084 0.094
@ 1.669 3.052
-IR (K) 2193.80 2881.620
I.10° 26.343 70.328
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Thes ranges of the pure DEA parametarsused in the next simulationshich

alsoconsider the.LE datg in accordance with the proposed complete methodology
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Figure 16 - Parametric Analysis of the Final Simulation (SIM12). (a) betd # ; (b) 41 F ; (c)
Ji < ; (d) eps/Ri + ; (e) betai 4 () 1 4 (9) eps/Ri { (h) betai 3= ; (i) eps/Ri 3= ; ()
betai eps/R.Parameters estimated using CPA andpimization method PSQ Maximum
number of 1000 iterations and200 particles. The maximum objective function value
considered is 0.05. 100 experimental points were used between5.- O.QOJ,H . Experimental
data from DIPPR(DIADEM, 2004).
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Figure 16 (continuation) - Parametric Analysis of the Final Simulation (SIM12). (a) beta =|= ;
()i & (c)3i % ; (d) eps/Ri + ; (e) betai 4 (1) i 4 (9) eps/Ri {; (h) betai 3= ; (i)
eps/Ri %} ; (j) beta T eps/R.Parameters estimated using CPA and optimization method PSO
Maximum number of 1000 iterations and200 particles. The maximum objective function
value considered is 0.05. 100 experimental points were used betwedhb5 - 0.904||=| .
Experimental data from DIPPR(DIADEM, 2004).
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Figure 16 (continuation) - Parametric Analysis of the Final Simulation (SIM12). (a) beta =|= ;
()i & (c)3i % ; (d) eps/Ri + ; (e) betai 4 (1) i 4 (9) eps/Ri {; (h) betai 3= ; (i)
eps/Ri %} ; (j) beta T eps/R.Parameters estimated using CPA and optimization method PSO
Maximum number of 1000 iterations and200 particles. The maximum objective function
value considered is 0.05. 100 experimental points were useldetween 055 - 0.904||=| .

Experimental data from DIPPR(DIAD EM, 2004).
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Figure 16(continuation) - Parametric Analysis of the Final Simulation (SIM12). (a) bete'l' ={= ;
(b) i =|= (c)dFi = ; (d) eps/Ri & ; (e) betai ; () 4k 4 (9) eps/Ri {; (h) betai 3 ; (i)
eps/Ri 4 1r ; (j) beta1 eps/R.Parameters estimated usmg CPA and optimization method PSO
Maximum number of 1000 iterations and200 particles. The maximum objective function
value considered is 0.05. 100 experimental points were sed between &5 - 0.90{|=| :
Experimental data from DIPPR(DIADEM, 2004).
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Figure 16(continuation) Parametric Analysis of the Final Simulation (SIM12). (a) beta‘i ={=
(b) i =|= (©)4k1 % ; (d) eps/Ri ¥ ; (e) betai 4 (f) 37 4 (9) eps/Ri 4 (h) betai 4 ; (i)
eps/Ri 4 1r () beta I eps/R.Parameters estimated usmg CPA and optimization method PSO
Maximum number of 1000 iterations and200 particles. The maximum objective function
value considered is 0.05. 100 experimental points were used betwedh55- 0.9044 .
Experimental data from DIPPR(DIADEM, 2004).
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4.3 Liquid-Liquid Equilibrium Simulation

In order to comply with all the steps indicated in the parameter estimation
methodology proposed the parameter estimation was performed considering a binary
mixture of DEA and Hexadecane. Any hydrocarbon coulditideed, since thg do not
associate. Hexadecane was used becauseaMailability for LLE experimental data with
DEA.

The pure hexadmne data were obtained through their critical conditions. It would
be possible to estimate them through CPA (that woulceiacedto SRK E0S since this
compound does nairiginatehydrogen bonds however it is nothis workd sbjective to
study the details dhis compoundimulation.

4.3.1 Liquid-Liquid Equilibrium Simulations for mixing DEA and

Hexadecane

For theparametergstimation using botWL E and LLE data, it was decidedwork
with a multiobjective functiopwhichis be tie sum of thé&quation24 and26, weighted by

a factor0, multiplied by thelL LE objective functionaccording to EquatioB8.

T4 o hE@, OB b 38

In this new proceduradopting only the Simplex methdslparameters of pure DEA

were estimatedd§ , (o ,— and ® ‘Q P ahd the binary parametef)( was set to zero. The

weight 0 was varied from 18 to 1. The solely Simplex method applicatio as the
optimization method in this case occurred since it was considered that the intervals generated
in Section4.2 would provide good initial estimates. Despite this, this considerasion
analyzed since the alkanolamines are especially complex compounds to be
modeledAVLUND; KONTOGEORGIS; MICHELSEN, 2008; SANTO#&t al, 2015)

The estimation of parameters using the weigh} {s considered a sensitivity
analysis, since the weights are set by the user and the influencénahe estimation

procedureas a whole is evaluated.
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After determining the best cases in the sensitiaitglysis, théQ for these cases
were estimated. It is important &xplain the reason for not estimatii@ at first. The
objective of using the LLE data (in addition to adopting the proposed methodology
completely) is to verify the quality of ¢hestimated parameters by comparing the parameter
estimation usingas metricEquation24 and Equation26. As in pure DEA parameter
estimation using VLE data, only 5 paramsetevere estimated, the number of estimated
parameters should be maintained in the estimatith VLE and LLE data, for a fair
comparison.

The simulations generated a large dataset, but often when evaluating the objective
function considering only th&/LE data, it presented values above 5.18bove the
maximum statistically acceptable value, based on the quality puitedDEA experimental
data).Thus, the chosen metric is the acceptance of the set of parameters that minimizes the
multiobjective funtion but that maintains the objective function of the VLE in a maximum

of 5.10% Table21is arealexample that illustrates the situation:

Table 21 - Example of how best results of thenultiobjective function do not generate a
statistically acceptable result for the objective function VLE

D Cpe oA AAXI - AAXII -
Example 1 ¥ LI AAP  AAj

(VLE+LLE) (VLE) (LLE) I '
Exampl
“IPC 01 oew 0004 0991 0.104% 1609 6.7326 95.01%%
Exazmp'e 0.2 098 006 00987 02B% 251% 6.70% 94.93%

In Table 21, AAXI-Il and AAXII-I are the average absolute deviation for the
compositions in LLE. They are defined by EquatiB88snd40:
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Note thatExample 2leads tolower multiobjective functionEquation38) value
(0.987) while the VLE objective function valug0.006) is higherthan the statistically

accepted upper limif0.005. Thus, the set of parameters estimated in Example 2 does not

meet the criteathat establishes maximum value for the VLE objective fomcind hus the

set of parameters estimated considering this weight are discarded. Exatmmec\ier

generates highenultiobjective functionvalues (0.991) but loweVLE objective function

value 0.009, which are in accordance withe acceptable limit and therefore the set of

parameters are taken into account in the decision of the best set of parameters. The flowchart

(Figurel?) illustratesthe decision process for the best set of parameters.

Calculate
Fop; (VLE + LLE)

Value will be
discarded

Yes AAXI-ll and
AAXII-l are satisfatory?

Value will be
discarded

|| Save the estimated
parameter set

Figure 17- Decision flow diagram of the choice of the best sets of parameters based on the
maximum value of the objective function VLE and on the analysis of th&AXI -Il and AAXII -

| values.
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While the objective function VLE has a maximum numerical limit (5)1@he
AAXI -1l and AAXII-1 quality analysis is based on the set of parameters that minimizes these
variables.

In order to begin the sensitivity analysisisifundamental to define the parameter
limits and to do this, the intervals presentedable 20 are adoptedit was necessary to
provideinitial estimates for the parameters to be estimatedséihitial values araleeply
important becausteycanleadthe optimization method to differeabnvergencareasDue
to this fact, it was decided to usme sets of values that approached the whole statistically
accepted intervalAmong thesenine sets, four stad outbecause they wergased onl.
Statistically accepted intervidwer valuegSet A) 2. Statistically accepted interval higher
values(Set B) 3. Statistically accepted interval mean val§8et C) and 4.Bestset of
parameterfoundin the last snulation performed in the estimation of the parameters of the
pure DEA (using only VLE dataSIM12 (Set D) The other five sets of parameters are a
combination of the values of the first four sét nine parameter setgein accordancith

therangesnformedin Table20. This information is presented irable22:

Table 22 - Initial guessesor the parameters to be estimated in the sensitivity analysis using
VLE and LLE data

Pargrgteter (bar_L"Z/molz) 4 (Umo) AL E/R (K) 1000* 7
SetA 6.349 0.084 1.669 21903.840 26343
SetB 11.399 0.094 3.052 2881.620 70328
SetC 9.673 0.091 2722 2862.716  51.804
SetD 7.948 0.087 2392 2843811  33.280
SetE 7.000 0.087 2.000 2500.000  30.000
SetF 9.200 0.092 2,500 2300.000  40.000
Set G 8.000 0.087 2.300 2500.000  30.000
SetH 7.000 0.092 2.700 2300.000  50.000
Set | 10.000 0.090 2.700 2300.000  60.000

The #nsitivity analysis generated a considerable amount of reswdteach result
presented thBve estimated parameters and calculations of the multiobjective funetidén,
objective functionLLLE objective function, AARo, AA} %, AAXI -11% and AAXII-1%.
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Table23is an example of a sensitivity analysis, varying the weight fromtdd,

considering as initiatalues the loweddf the statistically acceptednge.

Table 23 - Example of a sensitivity analysis, varying the weight of 10to 1, considering as
initial estimates the smallest values of the statistically accepted interval determined
Equilibrium data from DIPPR (DIADEM, 2004) and Abdi (ABEDINZADEGAN ABDI;
MEISEN, 1998).

Weight 0.001 0.005 0.01 0.05 0.1 0.5 1

9.829 7.383 7.485 9.976 6.350 7.992 8.047
(bar.Ll2/molP)

& (L/mol) 0.089 0.087 0.088 0.092 0.089 0.094 0.094

Q 1.956 2.495 2.476 1.992 3.052 3.050 3.053

- IR (K) 2876.9¢ 2881.56 2881.49 2881.61 2783.31 2395.65 2331.71

1000*f 26.716 33.242 32.947 26.343 42.125 64.823 70.323

Q MLE 5.E® 6.E® 2.6% 2.E% 1.E% 9.E®% 2.E%

Q dbE 1.163 1.124 1.111 1.055 1.070 0.977 0.961
Qo0
(VLE+LLE)
AAP% 0.202 0.179 0.189 0.437 0.714 5471 10.326

0.001 0.006 0.011 0.054 0.108 0.497 0.981

AA} % 0.547 0.633 1.158 3.972 3.599 6.769 6.775

AAXI1-11% 96.198 97.254 97.214 96.121 97.282 94.549 93.893

AAXII-1% 45.394 38.923 37.774 33.247 31530 25.922 25.304

In Table23 only a few values of weights are presented between the intervafof 10
to 1 (because it is only an illustrative exanmpldowever, inThermOptimizeisoftware was
possible for the user to sthie desirable amouwff pointsbetween the inferior interval and
the superior intervaln this work, 100 points were used between the lowest weighi} &l
the highest weight (1)
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It is possible to notice that as the weight is increasedvilie "Q ;walues are

increased, due to the greater significance of the IQE, term influencedby the higher

weight. Thus, an increase i n MNA&AAXINES

AA} %

(liquid phase modeling improvement), with the increase inwbight conferred, can be

observed.

Aiming toillustratetheweight sensitivityaccording to thehosermetric, it follows

the graph®f weights versu¥LE objective function andersusthe best results of AAXII
and AAXII-1 (Figure18):
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o N M o » K
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Figure 18 - Results of the Sensitivity Analysis, using the 9 sets of initial estimates: (a)
Multiobjective Function (b) Weight range selected for checking the difference in
Multiobjective Function values depending on each weight (c) VLE. 4 (d) AAXI-11% (e)

AAXII

-1% . Equilibrium data from DIPPR (DIADEM, 2004) and Abdi(ABEDINZADEGAN
ABDI; MEISEN, 1998).
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Figure 18 (continuation) - Results of the Sensitivity Analysis, using the 9 sets of initial

estimates: (a) Multiobjective Function(b) Weight range selected for checkig the difference in

Multiobjective Function values depending on each weight) VLE 3. 4 (d) AAXI-11% ( €)
AAXII -1% . Equilibrium data from DIPPR (DIADEM, 2004) and Abdi(ABEDINZADEGAN
ABDI; MEISEN, 1998).
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It is possible to verify that with larger weights tlealculatedvalues of the
parameterare the sameaegardlesshe initial guess usedt is also possible to notice that
AAXII -1% values prformedbetter than AAXHI% values, indicating betterexadecane
modeling in the aqueous phase than the DEA modeling in tlamiorghase.

In the scale presented Figure 18 (a) it is notviableto perceive difference in the
calculated multiobjective functioralue considering the different sets of initialessesT his
is due to the small scale shown in thisUfeg If a larger scaleRigure18 (b)) is used for a
selectedrange of weights, it is possible to recognize the different values of the objective
function for each wight considered

For eacltase presented Table22, two calculated parameters set were selected to
be used for ) parameteestimaion procedureThus, 18Q weregeneratedTheselection
was performed according two criteria: a) meeting the/LE objective functiomrmaximum
value critera (5.10°) and b) presenting lower AAXII% and AAXII-1% values.lIt is
important to note that in the methodology proposed by SEBAdSTOSet al, 2015), only
the 10 best sets of parameters would have MeiestimatedFigure 3). However, during
this estimationstep it wasobservedhat there were potential resuétad the best 18 results
were chosen (which does niotpactto fulfill the methodology in a complete way).

The binary mixture parametelestimationtakes placeapplying the LLE objective
function Equation26). Pure DEA parameters (obtained in the sensitivity analysis) and
Hexadecangrarameters dbtained analytically are inserted. The only parameter he
estimate is the'Q in this case

As there was no case that presented lower values ofA#oth-II andAAXII -1, it
was decided to consider as best case the one that presented smaller values of the sum of
AAXI -1l and AAXII -1. According toTable24, it is possible to verify that the value 61
that confers smaller values tife sum ofAAXI -1l (92.1 %) and AAXII-l (23.4 %) is in
simulation number eight, coming from Set D.

It follows the graphs of theLEc ur ve, t he mean devi ations

compositions in aqueous phase and organic phase and the behaviofoirhelation to

the LLE objective functiorfFigure19).
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Table24-{

arameter estimation for the binary mixture: DEA and HexadecaneSets of

results obtained in the sensitivity analysis were estimateé&quilibrium data from
DIPPR(DIADEM, 2004) and Abdi(ABEDINZADEGAN ABDI; MEISEN, 1998) .

Input Output
" rarameter 1 h\gE"L AAXI -11%  AAXII -1%
1 Set A 01  -0.006 9.73E®  948%  22.9%
2 SetA 009  -0.003 104E®  96.0%  29.9%
3 Set B 01 -0.003 107E®  97.2%  30.1%
4 SetB 0003  -0.012 108E®  97.0%  32.0%
5 Set C 01  -0.006 9.73E®  948%  22.9%
6 SetC 002  -0.009 106E®  97.0%  29.9%
7 Set D 01  -0.006 9.73E%  948%  22.9%
8 SetD 0001  -0.037 927E®  921%  23.4%
9 Set E 01 -0.006 9.73E%  94.8%  22.9%
10 SetE 009  -0006 972E%  948%  22.8%
11 Set F 01  -0.003 107E®  97.2%  30.1%
12 SetF 0001  -0014 107E®  96.9%  31.4%
13 Set G 01  -0.006 101E®  947%  285%
14 SetG 006  -0.004 104E®  96.0%  30.2%
15 Set H 01  -0.006 9.73E%  94.8%  22.9%
16 SetH 009  -0.003 107E%  97.2%  30.1%
17 Set | 01  -0.006 9.73E®  948%  22.9%
18 Set | 007  -0007 979E%  946%  24.6%
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LLE Results - DEA_Tent1 (I) + n-C16_0Orig (Il)
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Figure 19 -DEA-Hexadecane parameter estimatiorfa) Solute Mok fraction as a function of
temperature (aqueous and organic phases) (b) AAXII (c) AAXI -11 (d)
objective function. DEA_Tentl is the file that pulls the balance data from the Pure DEA.-n
C16_Orig is the file that pulls the parametersof Pure HexadecaneEquilibrium data from
DIPPR(DIADEM, 2004) and Abdi(ABEDINZADEGAN ABDI; MEISEN, 1998)
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Figure 19 (continuation)-DEA-Hexadecane parameter estimatioifa) Solute Mole fraction as a

function objective function. DEA_Tentl is the file that pulls the balance data from the Pure
DEA. n-C16_Oirig is the file that pullsthe parameters of Pure Hexadecandzquilibrium data

from DIPPR (DIADEM, 2004) and Abdi(ABEDINZADEGAN ABDI; MEISEN, 1998)

suggested in the literature, are presentelhinie25:
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Table 25- Pure DEA Final parameters. Data obtained through parameter estimation using
the complete methodology proposed in the literaturéSANTOS et al, 2015)

(L/mol) 2k £/R (K) 1000* 5

Compound oy T

DEA 9.607 0.0 2.522 2442.400 51.245

It is important to note that these parameters are part of the range of parameters that
are statistically accepted, based on the experimental errpts@@DEAvapor pressure and
liquid densitydata This set of parameters generates acceptable VLE olgefttiction
(1.1.10%, AAP (0.8 %) a n d.3%Avalues ( O

There was interest in comparing the results obtained with the lite(ANt&JND;
KONTOGEORGIS; MICHELSEN, 2008)however duean issue with bibliographic

reference, this vadation was not possible. More details on this in Appendix A

4.3.2 Liquid -Liquid Equilibrium Simulations for mixing DEA and

Octadecane

As ameasurdo validate thgoureDEA parameters estimatédwas also performed
the parameter estimation handliagother hydrocarbon in equilibrium with the DE#hge
OctadecaneLike the Hexadecane, ti@ctadecane parameters were obtained through its
critical points and acentric factof.he DEA-Octadecane equilibrium data from Abdi
(ABEDINZADEGAN ABDI; MEISEN, 1996)
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LLE Results - DEA_Tent1 (1) + n-C18 (ll)
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Figure 20 - DEA-Octadecane parameter estimatiorfa) SoluteMol e fraction as a function of
temperature (aqueous and organic phases) (b) AAXII (c) AAXI -11 (d)
objective function. DEA_Tentl is the file that pulls the balance data from the PurBEA. n-
C18 is the file that pulls the parameters of Pure Octadecang&quilibrium data from DIPPR
(DIADEM, 2004) and Abdi (ABEDINZADEGAN ABDI; MEISEN, 1996) .
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Deviations: Composition of | in phase I
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Figure 20 (continuation) - DEA-Octadecane parameter estimation (a) Solute Mole

fraction as a function of temperature (aqueous and organic phases) (b)AXII -1 (c) AAXI -1l

_=as a function objective function. DEA_Tentl is the file that pulls the balance data from
the Pure DEA. nC18 is the file that pulls the parameters of Pure Octadecane. Equilibrium data
from DIPPR (DIADEM, 2004) and Abdi (ABEDINZADEGAN ABDI; MEISEN, 1996) .

In this case, since the parameterspafe DEA were already estimated, was
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According to theesults of both parameter estimoatusing different hydrocarbons,
it was considered that tipeire DEA estimated parameters were validébedhe application
of interest in the next step of the waftaking into account the high values of absolute
deviations in the composition of the phgséowever,it is important to mention that based
onthese resultd is possible to conclude that some work can be performed in the CPA EoS
to improve the organic phasgodeling

As a next step, it was necessary to estimate the parameters of thbimaaies

present ithe AGASA industrial unity under study

4.4 Parameter Estimation of main DEA Binary Systems

Once thepure DEAparameters werdefined the second step was to perform some
study in order to calculaf@ for the binary mixture¢hat exisin theevaluatedAGASA unity.

The goal is to gathavailableinformationto conductinacid gas absorber tower simulation.
The main DEA binaries areonsidered ashose whose components have the highest
concentration in therocess feedand will thenproducethe greatest difference in the
equilibrium calculations.

Unfortunately experimental data of the desired binaries with DEA are scarce. Most
of the experimentadata found were ternary aqueous DEA solution with the desired
compoundsFor example, no data were found on the DHEAthane binary data, but data
from the ternary WateDEA-Methane wereacquired(LAWSON; GARST, 1976) This
happened for all hydrocarbosd H2S. The only set of important experimental data on
binary found was that of Wat&EA(ASPEN, 2018)

The DEA-Water'Q parameter estimation was carried out using mixing @Qiel

and the and the value obtained was 0.G%ble26).

Table 26 - Parameter Estimation- DEA T Water Binary System Pure DEA parameters from
Table 19 and Pure Water parameters fromDIPPR (DIADEM, 2004).

Mixing Rule g +=dg Fobj AAP
CR-1 0.595 0.060 2222830 2.30.E'  41.612%
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The objective function applied to estimate the W&EA binary mixture
parameters is the same as in Equa&an

Experimental data dhe pure compounds amdportantbinaries that do not involve
DEA were also investigatedlable 27 and Table 28 have the main binaries whose
experimental data were searched in the litergfeiROSTet al, 2012)

Table 27 - Thermodynamic parameters of the pure compounds present in the AGASAnity
under evaluation.Pure compoundsparameters obtained inliteratur FROST et al, 2012)

Compound Tc(K) {(L/mol) F/Rb) 4 £E/R(K) H1C scheme
H20 647.29 0.015 1017.338 0.674 2003.248 69.2 4C

Methane 190.56 0.029 959.028 0.447 X X
Ethane 305.32 0.043 1544.548 0.585 X

Propane 369.83 0.058 1896.453 0.631 X
n-Butane 425.18 0.072 2193.083 0.708 X
X

X

n-Pentane 469.7 0.091 2405.105 0.799
i-Butane 408.14 0.075 2078.622 0.702
Nitrogen  126.2 0.026 634.070 0.499 X

H2S 373.53 0.029 1590.102 0.502 654.271 58.32 3B

X | X | X | X | X | X
X[ X | X | X | X|X]|X

Table 28 - Thermodynamic parametersof somebinaries present in the AGASAunity under
evaluation. BinariesParameters obtained in literatur FROST et al, 2012)

Compound 1 Compound2 : mlz =g scheme
H20 Methane 1.8830.003*T X X 4C
H20 Ethane 0.118 X X 4C
H20 Propane 0.114 X X 4C
H20 n-Butane 0.088 X X 4C
H20 n-Pentane 0.062 X X 4C
H20 H2S 0.191 0.030 108.780 4C/3B
H20 COz 0.114 0.016 142.000 4C/AC
H2S Methane 0.076 X 4C
H2S Ethane 0.085 X X 4C
H2S Propane 0.092 X X 4C
H2S n-Butane 0.090 X X 4C
H2S i-Butane 0.076 X X 4C
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It can be seen froable27that only HO and HS compounds haveandb values,

as these are the only compounds shownigiTiible whichpresenthiydrogen bonds.

4.5 Process Simulations at Petrox

Once thepure DEA parameters and some of its binaries were estimated, these
parameters were inserted in the Petrox process sim@etexplained in Sectidhb).

It is important to clarify that at the time of absence of DEA and Water data the
arbitrary'Q value of the mixture of 0.153 wasserted in PetraxThe equilibrium data of
this binarywere obtained im very advanced stagof this work and for that reason that the
simulations presenteith the next sectionare considering th®EA-Water'Q equals to
0.153. InSection4.5.4are presented simulations considering the estinE&Water'Q

0.595 for the best scenario obtainedhe first step

As a final stego reach the targets described in this work objective se(@extion
1.2), the absorber tower of an existinglustrial gas absorption plawas modeled in Petrox
software Figure21 extracted from Petrox shows thbsorptioncolumn to be snulated and
its processtreams.

DEAP is thefiPoor DEA CARG i s t he Pr oc ecshe trdatede d/
GAST i TgeatedGaes ,i1 DiE @& RRi¢ch ®EAGand ABSVis theAbsorbing Column
The simulated procestreamsarealways accompanied by quotation marks, to differémtia
from theactualprocessstreamsThefi Po o r D E As@lsoscalleddeamDEA.

The four mentioned processeamsarecited again several timeSo, it is important
to the readerat be clarifiedthat the mlet streamsre i Bor DEAO andfiAcid Ga® and the
outletstreamsare i Tr e @aandiiRic h DEAO .
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Figure 21 - Simulation of Absorbing Column at Petrox(extracted from Petrox)

In order toconducta careful analysis of two distinct operating units vegecific
feedsand operating conditions, they were evaluated for further sfmlydefine the best
industrial plant to bexaminegthe "quality” of the operational information provided by each
of these was chosen as a metric. This quality was measutieeidigntbehavior in the steady

state. To this end, tH&oving Window Methodology (Section3.4) wasadopted

4.5.1 Moving Window Results

Through the moving winde methodologyit wasevaluated a set of available data
for the two AGASA industrial unity under analysisThe system that presented lower
correlation coefficient values for the top and bottom temperatures ab#goeptioncolumn
(chosermetric for the evaluatigrwasselecteds thestudy object, due to thepposedbwer
influence of transience in the evaluation peridtter this step, oce the industrial plant to
be chosen was already determined, the confidence intervaggdfsignificant process
variableswere calculated

To facilitate the understanding, it is possible to divide the analydathinto 3

groups:variablesrelated to the gaseowsreans (1); to the liquidstreans (2) andto the
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absorptiorcolumn(3). The behavior of these variablesn be visualized iRigure23, Figure

24 andFigure22. The confidence intervalas calculatedonsidering 9%6 of confidence
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The confidence interval calculedl were usedfor comparison with the results
obtained fronPetroxsimulations. It was souglds a form ofesultsvalidation that thefuture
outcomegenerated in the simulation were in agreement with the intervals generatésl by th
statisticalstudy: It should be recalled that tlthosemmetric to define the steasbtate period
of the industrial plant were thebsoption column top and bottom tempenatsbehavior
shown inFigure22.

Details on the specificities in the application of theving window methodology

can be found in Appendii.

4.5.2 Absorbing Column technical data sheet

The data presented below were obtained fromrithestrial unit operating manual
Theindustrialabsorption columias a height of 22.95 meters, witheightof 19.95meters
of Pall 1.5"fillings (stainless stegl Thetower diameter is 0.8neters its design operating
pressure is 7.0 kgf/cimwith pressure variation betwetiretop andthe bottom of the tower
of 0.1 kgf/cnt. Design bottom and tagmperatures are 5C and 60 C respectively

To estimate the numbef thecolumntheoretical stageISTER, 1992) since this

is an input parametéor the tower simulationt is used theequation41:

s deed | “a

ais the height of the filling) is equal to the number of theoretical stages@i@" Y0
a parameter that is a function of the typ@ackingutilized.

According to the literaturéKISTER, 1992) the’O'O "¥for this type of filling is 2.17
feet (or 0.661416 m). Considng & = 19.95,0 was obtained approximately equal to 31

stages

4.5.3 Current Operating Conditions Simulation

The metric chosen for tlemulation resultsalidation of theplantcurrent operating
conditionswas based on the results of availablemical analsis and operational data

obtained through thglantinstrumentation
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The industrial plantto be studied receives the process feed from at least 3 other
process units and therefore its feed is not constant. Currently the largest feed contribution
comes from a hydrotreatment unit which adopts hydrogen as a rectifier agent for diesel and/
aviaion kerosene. And that's why the acid gas treatment unit process feed mostly has
hydrogen (more than 80%). Thus, before going to the sulfur recovery unit, the treated gas,
rich in hydrogen, will be routed to the hydrogen generating unit. For informatien
rectification purpose is to remove light hydrocarbons from the products and thusigb adj
their final quality in terms of initial boiling point or flash poiitthis hydrogen stream is then
sent along with other fuel gas streams to the acid gas treatiing

As simulationinput parameters it is necessary to define the composition of the acid
gas to be treated and tiReor DEA streamcomposition. Unfortunately, no Acid Gas
composition datavas available. However, thergvas an analysisresult of treated gas
composition the only analysis performed in the last 2 years) and from the result of this

analysis an estimabf thefAcid Ga® composition wagenerated

Table 29 - Chemical Analysis ofTreated Gas held on April 13, 2018

Treated Gas ChromatographicScanning

Component Composition
Hydrogen 89.96
Methane 3.5
Ethane 1.97
Propane 1.98
N-Butane 1.18
Nitrogen 0.37
|-Butane 0.35
I-Pentane 0.29
Oxygen 0.24
C6+ 0.16
H2S <0.01

It is empirically known that the composition of #$ in theprocess feedaries

between 5% and 11% and therefore, 3 posgilbeess feedompositionsvere estimated,
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with differentH2S molarconcentrations (%, 8% and 11%). Itis important to note that for
this estimation, it was considered that ongSHvas absorbed by tlie Bor DEAO solution
(no other compound was entrained by the liquid solutibimg. analysisesults performed on
04/13/18can be seen in thEable29.

According to thetreated gasnalysis, the contribution of 23 respecting the pre
established concentrations and maintaining the proportions of the species presented in the

treated gaanalysis Table30) was insertedhe procesfeed was inferred

Table 3071 PossiblefiAcid Gasd molar compositionsaccording to the inference made through
the treated gas analysis, occurred on April 13, 2018he hydrogen sulphidemolar
concentration varies from 5% to 11 %.

Possible Compositions ofi A ¢ G al s(l2S in concentrations of 5%, 8% and 11%)

Component Composition (%)

Hydrogen 85.462 82.763 80.064
Methane 3.325 3.220 3.115
Ethane 1.872 1.812 1.753
Propane 1.881 1.822 1.762
N-Butane 1.121 1.086 1.050
Nitrogen 0.352 0.340 0.329
|-Butane 0.333 0.322 0.312
I-Pentane 0.276 0.267 0.258
Oxygen 0.228 0.221 0.214
C6+ 0.152 0.147 0.142

H2S 5.0 8.0 11.0

In the simulation, the set of C&omponents were replaced by theHsxane
component

An important point of attention is that the acid gas treated tisgmssiblydifferent
from that predicted in thiedustrial plandesign conditiondMainly in relation to the content
of hydrogen and methane (which in the design conditions was %2&hd 14.2%,

respectively). The designzB content (11.%) adheres to the rangéld:S concentration to
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be simulated (86 to 11%). The detailed assessment of the selected AGi8#Astrial unity
design conditionss presenteth Appendix C

In Table31 are the results referring to thieBor DEAO process streantarried out
in 3 different days of Aprie018

Table 31 - Chemical analysishistory of i Bor DEAO stream. Data obtained from laboratory
tests performed in April 2018

Composition
Component , : Composition
P Analysis of April 24 Analy3|s of Analy3|s of adoptedin the
April 19 April 10 . .
simulation
H2S 0.08% 0.08% 0.04% 0.05%
DEA 20.4% 18.5% 22.1% 20%
H20 79.52% 81.42% 77.86% 79.95%

Considering that the data wind@stablishedh the simulation refers to the interval
between April 13 and 14, thi Bor DEAO streamcompositionadoptedis based on the
available analsis results (April 10, 19 and 24) anaperationreport In the mentioned
analysigheH2S molar concentration ranges from 0%40 0.08% and he operational report
showsthat the HS content is 0.056. Asall this informationis aligned, it was decided to
proceed with a concentration of 0.96 Likewise, operational information is thahe DEA
contentin A Bor DEAO streamis set at 20% while analysis results indicate concentration
ranging from 18.86 to 22.1%. As thisinformationis alsoaligned, it was decided to proceed
the simulation usin@0 % DEA concentrationlt is acknowledgedhat theanalsis results
are in accordance with tloperational teamepors for i Bor DEAG composition

One of the objectives and the importancéhig work is, indirectly, to estimate the
process feed ¥$ composition of the simulated industrial unit since, due to corrosive
processes, inherent to this plant, it is difficult to maintain a composition analyzer in line. It is
assumed, in thigesearch therefore,that this composition is unknown artree Hz2S
conceivable molacompositions (36, 8 % andl11 %) are evaluated

From the eight parameters that had their confidence intecadtulated(Section
4.51), six (1. A Bor DEAO Volume Flow; 2. AAcid Ga® Volume Flow; 3. AAcid Ga®

Temperaturg4. Absorption ColumnTop Pressure; Rbsorption ColumnTop Temperature

95



and; 6.Absorption ColumrBottom Temperaturedre process simulatonput parameters
The ideal situation would be to anadindividually the impact of theseariables variation
on the simulation resultspn the other handhis detailedprocedureis quite laborious,
especially considering that there are infinite numbsostainedin each one of these

confidence intervals and the combination of all of thesmbers(which would form a
specific scenario in process simulation) is not feasfateexpositoryexample of the various
possible scenarios is shownTiable32:

Table 32- An expository example of the number of scenarioassembledvhen the process
variables arechangewithin the confidence interval. In this case, thefi Bor DEAO Volume
Flow wasvaried, keepingfixed the other variables

Petrox input Process Variables

APoor DEA AAci d Ga Absorption Column
Volume Bottom Top
Voll(JrrT:;(/ahl):Iow Terrzgg;atur( Flow Terrzgg;atur( Temperature Pressure
(Nm3h) (°C) (kgficm?)

Confidence Interval

scenaric 36837, [36.995; [5117.405; [30.200;  [43.103;  [5.204;
36.990] 37.196] 5118.437] 30.496]  43.187]  5.210]

1 36.837 36.995 5117.405 30.200 43103  5.204

2 36.888 36.995 5117.405 30.200 43103  5.204

3 36.939 36.995 5117.405  30.200 43103  5.204

4 36.990 36.995 5117.405 30.200 43103  5.204

Table 32 presentsimply 4 scenarioassembledrom thechange infi Bor DEAO
Volume Flow Rate(all other fixed variables remaining). Themberof possiblescenarios
varying all the process variablessignificant

As aforementioned, ggforming theconjunctionof all intervals is anmpractical
work and therefore it was decided to evaluate the influenekevariables minimum and
maximum intervals(fAcid Ga® Temperatureand Volume Flowand i Bor DEAO
Temperatur@and Volume Flow)Regardto the fact that its considered that th&bsorption

Column top temperature is equal fo Bor DEAO temperature This consideration is in
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accordance with thplantdesign conditions and withtgpical contemplatiormade by the
plantoperation teanf-or theothers an average value of the interval was adopted.
Hereafter, b the simulations performed with the CPA thermodynamic model use
the parameters, assaien schemes ancbmbiningrules defined irSections 4.3 and 4.4.
A process variables sensitivity analyadressing to verify theinfluence in the
treated gas desired specificatias carried outThroughFigure25it is possible to verify
an example of this sensitivity analygsonsidering CPA, SRK and PRog), where the

analyzed variable is tH&cid Gas"temperature
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Figure25-fn Aci d Gas o0 Te mp eAnalysig, consid&iagiAsid Gas"Hi-Xmplar
concentration of 5%, applying CPA, SRK and PR BS: a) CPA b) SRK c) PR21 point were
used in each case ande simulation took place at Petox.

ThroughFigure25, it is possible to conclude that regardless of the apph&] the

A Aid Ga® temperature did notlemonstrate aa significant influential variable in the
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i TeatedGas desired specificationlhe temperature was varied by ®Dbut even sdhe
influence om TeatedGa H2S madle fractionwasrelativelynegligible

A detailedcurrent operating conditions simulation compariaten applyingdCPA,
SRK and PR is found in Appendix D

It was decidedo presenin this section only th&3 best simulation resulépplying
CPA EoS gince this thermodynamic model presented the bestsesuong theeompared
EoS). The best scenario @btainedwhenit is consideed 5 % of H:S in theprocess feed
(Table33). The simulationsesultsconsidering 86 and 11% arepresentedn Appendix E.

Table 331 CPA - Operating Conditions (5% H:Sinfi Ac i d). lGarepéesentedl3
operational conditions, all within the statistically calculated intervals

Input Results
nAci d Gas APoor DEA ﬁTref';H
Gaso
NE Voéllilnr:q%/::)low Tem(e%r;iture FI(\)/V(?Ilt(ngt-;-h) Tem(pltz:r)ature ﬁHTerine i
Gaso
1 5117.405 30.200 36.837 36.995 3.190%
2 5117.405 30.200 36.990 36.995 3.183%
3 5118.437 30.200 36.990 36.995 3.183%
4 5118.437 30.200 36.837 37.196 3.198%
5 5118.437 30.200 36.990 37.196 4.118%
6 5117.405 30.200 36.990 37.196 3.190%
7 5117.405 30.496 36.990 36.995 3.183%
8 5117.405 30.496 36.990 37.196 3.191%
9 5117.405 30.496 36.837 37.196 3.198%
10 5117.405 30.496 36.837 36.995 3.191%
11 5118.437 30.496 36.837 36.995 3.191%
12 5118.437 30.496 36.990 36.995 3.043%
13 5118.437 30.496 36.990 37.196 3.942%

Table 34 presents therocessstreans molar flow for the best case, where theS

content in théi TeatedGaswas3.043 % (Simulation 12).
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Table 34 - Processstreams molar flow (kmol/h). i A ¢ & a sHaS concentrations of 5% The
simulations were carried outin Petrox.

Input Output
ProcessStreams

Component AAci d iPoor [ fiRich DEAO ATreatec

H2S 11.418 0.596 5.152 6.862
Hydrogen 195.156 0.000 0.238 194.918

Methane 7.593 0.000 0.081 7.512
Ethane 4.275 0.000 0.145 4.130
Propane 4.295 0.000 0.224 4.071
[-Butane 0.760 0.000 0.077 0.683
N-Butane 2.560 0.000 0.286 2.273
|-Pentane 0.630 0.000 0.132 0.498
H20 0.000 953.361 950.390 2.971
DEA 0.000 238.489 238.489 0.000
Oxygen 0.521 0.000 0.002 0.518
Nitrogen 0.804 0.000 0.003 0.801
N-Hexane 0.347 0.000 0.107 0.240

Through Table 34 it is possible to visualize that the model predicts Water
migration fromfi Bor DEAO to the fi TeatedGas. In addition, a part of the hydrocarbons,
hydrogenoxygen and nitrogen migrate from the gas phase to the liquid phase. This behavior
is possible but not desirablBable35shows théi TeatedGa compositiorfor this best case
(Simulation 12)and its comparison with the chemical analysis performed on April 13, 2018.

With investigative charactethe i TeatedGas H2S compositiorwas recalculated
considering the hypothesis ththe two undesirablphenomena had nbappenedtransfer
of water to the gas phase and transfer of gases other 8ato khe liquid phase.he final
molar composition of b6 infi TeatedGad would be 1.484% (instead of 3.043% of the best

caseshovedin Table34). But even so, the final specification of&would not be achieved.
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Table 35- fi Teated Gasd Molar Composition (H2S in concentrations of 5%) Best result for
the i Teated Gasd H,S molar composition (3,043%). Comparison with the chemical analysis
performed on April 13, 2018.

Component Analysis (%) Simulation Result(%) Relative Standard Deviation

H2S 0.01 3.04 30334%
Hydrogen 89.96 86.45 -4%
Methane 3.50 3.33 -5%
Ethane 1.97 1.83 -71%
Propane 1.98 1.81 -9%
[-Butane 0.35 0.30 -13%
N-Butane 1.18 1.01 -15%
[-Pentane 0.29 0.22 -24%
H20 0.01 1.32 13076%
DEA 0.00 0.00 -
Oxygen 0.24 0.23 -4%
Nitrogen 0.37 0.36 -4%
N-Hexane 0.16 0.11 -34%

Even if the parameters were varied within the confidence interval, the results were
not satisfactoryor the reproduction of thegeated gas chemical analyzesults(in which
the treated gas is specifjed

45.4 Best ResultsSimulation with Estimated DEA-Water

As already mentioned, the simulations preseine8ection 4.5.3 were calculated

usng an arbitrary’Q (0.153)for the DEAWater binary. Thesimulation to be presented
below uses the estimat&l (0.595)based on VLE data obtain@SPEN, 2018)Table36

shows the results considering input data from Petrox accordBigtdation 12from Table
33
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Table 36- CPA - Operating Conditions (5% H.S infi Ac i d ). Neeav Simulationusing the
estimated DEA-Water

Input Results
fnAci d Gas AnPoor DEA ﬁTrefan
Gaso
NE Voéllilnr?glﬁ)low Tem(e)(ér;ature F|X$I?m§h) Tem?)ecz:r;ature ﬁH_l_ZSrine A
Gaso
12 5118.437 30.496 36.990 36.995 0.649%

Table37 presents thprocesstreans molar flowfor this case

Table 37 - Processstreams molar flow (kmol/h). A Ac i d H&a&edentrations of 5% The
simulations were carried outin Petrox.

Input Output
Process Streams
Component AnAci d AfPoor [ AR ch | ATreatec
H2S 11.418 0.552 10.555 1.414
Hydrogen 195.156 0.000 0.476 194.680
Methane 7.593 0.000 0.199 7.394
Ethane 4.275 0.000 0.500 3.775
Propane 4.295 0.000 1.162 3.133
I-Butane 0.760 0.000 0.596 0.165
N-Butane 2.560 0.000 2.058 0.502
I-Pentane 0.630 0.000 0.630 0.000
H20 0.000 881.841 876.364 5.477
DEA 0.000 220.598 220.598 0.000
Oxygen 0.521 0.000 0.005 0.516
Nitrogen 0.804 0.000 0.008 0.796
N-Hexane 0.347 0.000 0.347 0.000

It is possible to verify that the modificationafebinary parameter in the simulation

made a lot of difference in the results. While in the best result using arlidEkyWater
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Q , the concentration of 4% in the treated gagas3.043%, the(re)simulation of this scenario
using an estimateDEA-Water 'Q obtained 0.6%; a difference of 80.6%. Thus it is clear

that it is important to seeflor moreexperimental data from the main DEA binarge® so

enhance thsimulation results.

455 Lessons Learned from Process Simulation

After exhaustive emparisons between the differdfdS it can be concluded that
the results presented by CEEAS were superior to those presented by the SRK and PR, in
all spheres studied (parameter estimation and process simulation). The CPA prediction was
shown to be b&tr than expected by the other two models. Initideistrial plantprocess
simulationdevelopmenas a wholeCPA was the model that performéamong those who
were studiegland probablyill best represent the phase equilibrium in DEA absorption and
regeneration system.
It is possible to summarize the lessons learned from the Petrox process simulation:
1°) The plant operatng conditions are not adherent to the design conditions.

ThroughTable38this comparison becomes easier to understand

Table 38 - Main operating variablescomparison considering designand operating conditions
from April 14, 2018. Thedesigninformation was obtained from theindustrial plant operating
manual. The operational conditions were obtained through chemical analysis arnilstorical

data.

Main Operational Variables CoDn?jSi’tii%rLs C(:)(?ne(;ﬁit(i)nngs
Absorbing ColumrPressurékgf/cn?) 7.1 [5.204; 5.210]

DEA Molar Concentration ifi Bor DEAO (%) 4.14 [185; 22.1]

H2S Molar Concentration ifi Bor DEAO (%) 0.15 [0.04 0.09

H2S Molar Concentration ifAcid Ga® (%) 11 [5; 17]

A Bor DEAO Temperaturg°C) 50 [36.9%; 37.196]
AACi dTe®pestirgC) 39.3 [30.200; 30.496]
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Design conditions do not greatly favor acid absorption. The DEA content foreseen
in the project isotablylow (4.14%) compared to the concentration that is practiced in the
DEA units (value arounddl5% to 2.1%). In thisagect, it is not recommendéalapproach
the design condition.

The AbsorbingColumn current pressure hinders the processes of gas absorption.
The less the pressure is thmre challenging the absorption process will Géne current
operating pressure (5.2 kgf /éns lower than the esign pressure (7.1 kgf /émwhich
requires lower temperatures and more DEA available for gas absorption to take place the
required extent.

i BorDEA0andi A c i d deSigntendperature$50 °C and39.3°C respectively
arehigher than the current operating conditi¢88 °C and30.2°C respectively. As is well
known, the gas absorption is favored by lower temperatures and, therefore, the design
conditions inhibit this absorption. Therefore, it is not recommended to increase the
temperature of thesstreans with the objective of reachingreatedGasH:S specification.

Such operational maneuver would further worgeracid gasabsorption by DEA aqueous
solution

2°) The variables that most affect the gas absorption efficiency are the variables
related to the poor DEArocess streaifcurrent temperature, DEA content afg content).

The variables related to tfieA ¢ i d prdéesssfreamvere not as sensitive to the atygoon
efficiency as those of poor DEgYocess stream

3°) The simulations indicate that the$lcomposition in the treated gas does not
conform to the final specification parameter (which is 300 ppm). Possible reasons for not
specifying the finaparameter are:

1 The available operational data are not reliable

1 Non-knowledge of therocess feedausedifficult to simulatethis process.
Theprocess feedsed was an estimate based onttbated gasnalysis

1 The thermodynamic model could not predict with accuracy the
thermodynamic equilibrium in th&bsorptionColumn considering the plant data available
One hypothesis is that the absence of s@nef important binaries witflDEA (e.g. DEA-

Hydrogen, DEAMethane, DEAEthane) may have influenced ttesultslower accuracy
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4°) The adjustment of acid gas and the poor DEA flowsretenot considerably

significant in thegas absorptioresults
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Chapter 5

Conclusionsand Suggestions

The results indicated that CH20Sis a useful tool talescribethe thermodynamic
of the acid gagabsorption columnThe CPA presented better results than SRK and PR in all
aspects addressed in tiesearchpure MEA and pure DEA parametestimation and ithe
processsimulation. The latter took place at Petrox amdllowed to verify theabsorption
columnthermodynanic limitations in theTreatedGas HS specification.

In Section 12, five specific objectives were proposed and finally completed. The
parameter estimation step covered two of these objectivespuiee MEA parameter
estimation (Section 4.1) and pure DEA parameter(Section 4.2) and its main binaries
parameter estimatiofbection4.4), applyinga methodology proposed in the literature. The
results were satisfactory and allowed the conclusion of the third and fourth objectives: the
resultsapplication ina process simulator and tbquilibriumstudy in the absorption column
of a DEA industrial planfSection4.5).

The DEA modeling presented good results for \Artalysis However, it has been
confirmed through the methodology that the LivEh DEA andhydrocarbons (Hexadecane
and Octadecanepald not be reproduced. Thus modifications in the thermodynamic model
could besuggested to address this issue.

As asuggestion for future worl, is proposedhe simulation of the industrial plant
as a whole, maly because the purity requirements of DEA an& lihthe Treated Gas and
PoorDEA generate an energy demand for the Regenerating Tower, which works inherently
in tune with the Absorbing ToweAnother suggestiofor future work is theapplicationof
a thermodynamic model that explicitly takes into account the electrolytic interactions

between species and thus to verify the relevance of these interactions in the obtained results.
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Appendix A

Attempt to Reproduce Literature Data

One of this work proposedgoal was the data reproduction from a reliable
bibliographic source. Fauch purposeghepaperby Ane Avlundand ceworkers(Modeling
Systems Containing Alkanolamines with the CPA Equation of Skatg)chosen as the most
suitable for this reproduction, since theperstudy system is comparable to the system found
in the AGASA industrial unity under studyn addition, the termodynamic modeddopted
in the parameteestimation was CPA, appliad analkanolaminesystem Another positive
point is that the data source used by the author was theesapieyedin this work, the
DIPPR.Based on what has already been stated, itcleas theusefulnes®f thementioned
articledatareproduction for the development of this work.

The pureDEA pure dataeproduction was succesgwhichis explained in detail in
the laterAppendix sections However, when attempting teproduce the DEAdexadecane
equilibriumdata, the results obtained were far from the one explicit in the article.

It is important tdbe awarehat a laborious work ggdure DEAparameteestimation
using only VLE and LLE data was perform@ehen it was slti sought to validate the results
with thementionediterature. In an advancegdarameter estimation stggehen comparing
the binary parametef) estimated with thapresentedn the Avlundand ceworkerspaper
it was noticed that there was a problef reference in #apaperand therefore it did not make
sense to validatthe estimated parameteusingthat papelas a referencénd because of
thatit was decided to return to the first estimation step and redo all calcu)atitwvsever,
it is important to leave written all the methodolappliedand the results obtained.

The most importantesultsare presentecconsidering the 1. Pure DEA paramet

estimation employing only VLE data andfPre DEA parameter estimation employing VLE
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and LLE dataaccording to the complete methodology proposed by SG&ADSTOS et al,
2015) The logic of presentinthe simulation$ollows the same format alrégdemonstrated

in Section 4.2

A.1 Initial Simulations and Trial and Error Simulations

Similarly, to the parameter estimation methodology presented in Secf#oto
obtain the most adequate parameter ranges in the search for the global minimeam,
procceded with the initial simulations (where large data ranges were swept and a large
number of particle size) and trial and error simulations (where the intervals became narrower
and the number of particles reduced).

Following isFigure A.1 andFigure A.2 which exemplifies an initial simulation,

where 50 particles and 1000 iterations wexgpliedin the PSO method

PSO Method - ObjF Evaluations
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Figure A. 1 - Parametric Analysis of the Initial Simulation (SIM1*). (a) 5. %?;j;;;:i: ;(b) 9. +Jr'|';;;;;;;;-H-;
(©)3. fizaF; (d) 3. yizeps/R; (e). yizbeta. Parameters estimated using CPA and
optimization method PSO, with maximum number of 1000 iterations and 500 particles. 100
experimental points were used between 0.4®.95 of{|=| . Experimental data from
DIPPR(DIADEM, 2004).
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Figure A. 1(cont|nuat|on) Parametric Analysis of the Initial Simulation (SIM1*). (a)5. 4B

+;(b)3.

L.

ps/R; (e -

ji=beta. Parameters estimated using CPA

and optimization method PSO, with maximum number of 1000 iterations and 500 particles.

100 experimental points were used between 0.40.95 of{|=|

DIPPR(DIADEM, 2004).
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FlgureA 2 - Parametric Analysis of the Inltlal Simulation (SIM1*). (a) betal +; (b) Jr|- =|=

(©)37 % ; (d) eps/Ri F ; (e) betai 4 (f) ki b; (g) eps/Ri 4 (h) betai 3k ; (i) eps/Ri 3F; (j)

betai eps/R. Parameters estimated using CPA and optimization method PSO with maX|mum

number of 1000 iterations and 500 particles. 100 experimental points were used between 0.40
0.95 of44. Experimental data from DIPPR(DIADEM, 2004).
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Figure A. 2 (continuation) - Parametric Analysis of the Initial Simulation (SIM1*). (a) betai
+ ; (b) Jr|- =|= (c)dFi = ; (d) eps/Ri ¥ ; (e) betai {; (f) ki b; (g) eps/Ri : (h) betai 3F; (i)
eps/Ri 4 1r ; (j) beta 1 eps/R. Parameters estimated usmg CPA and optimization method PSO,
with maximum number of 1000 iterations and 500 particles. 100 experimental points were
used between 0.400.95 ofq|y . Experimental data from DIPPR(DIADEM, 2004).
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The dea of using large numbers of particles is to sweep large gaps and thus identify
regions where the objective function is minimiZ€de main comments about the importance
of working with a stochastic method such as PSO bedonployinga deterministic metid
such as Simplex in parameter estimation have already been mentioned in Section 4.2.

The search intervals presentedrigure A.1 andFigure A.2 are inTable A.1. The

best results of this simulation are foundlmble A.2.

Table A. 1- SIM1* Parameter constraints for pure DEA parameter estimation using CPA
EoSconsidering onlyVLE data. Equilibrium data from DIPPR (DIADEM, 2004).

Parameters Lower Bounds Upper Bounds
® (bar.L’’moP) 0.01 500
o(L/mol) 0,001 10
@ 1 10
-IR (K) 10 4000
I .10° 0.01 400

Table A. 2 - SIM1* Pure DEA parameter estimation results applying CPAE0S considering
only VLE data. Equilibrium data from DIPPR (DIADEM, 2004).

Sim1*

Parameters PSO Simplex
@ (bar.L’moP) 9.994 31.369

o(L/mol) 0.089 0.093

& 3.209 1.475

-TY (K) 1438.588 35.653
1000*f 241.154 384.368
Qon 7.039.E% 1.072.E%
AAP% 9.212% 3.731%

The simulation Sim1 * represents the initial simulation when tryingpooduce
the literature dattAVLUND; KONTOGEORGIS; MICHELSEN, 2008)This is nothe
same simulation Sim1 preseniaedSection 4.2.
After several simulations, a more precise interval for the parameters was fed in the

final simulations
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A.2 Final Simulations

The final simulations aimetb obtain the final set of parameters for pure DEA
considering only VLE dataFor this, a large number of particles (from 300 to 1000) and
iterations (from 300 to 500) of the PSO associated with a narrow range of parameters were
used. In addition, the mmamum iterations of the simplex method were also increased (from
1000 to 5000 iterations).

The intervals obtained itrial and errorsimulatiors served as the basis for the

determination of the intervaketin final simulations(intervals which are moreestrictive)
Table A.3.

Table A. 317 SIM2* Parameter constraintsfor pure DEA parameter estimation applying CPA
EoSconsidering onlyVLE data. Equilibrium data from DIPPR (DIADEM, 2004).

Parameters SIm2*
Lower Bounds Upper Bounds
& (bar.L?/moP) 3.5 8.5
(L/mol) 0.05 0.1
@ 1.5 4.5
-IR (K) 2300 3600
.10 15 80

Theresults are imable A.4:

Table A. 4 - Results offinal simulations SIM2* considering Pure DEA parameter estimation
applying CPA EoSconsidering onlyVLE data. Equilibrium data from DIPPR(DIADEM,

2004)
Parameters Sim2*
PSO Simplex
® (bar.L’’moP) 7.125 7.359
o (L/mol) 0.086 0.087
&) 2.644 2.619
-TY (K) 2830.875 2799.256
1000* 36.403 37.342
Qo0 7.505.E% 6.591.E°%°
AAPY% 0.476% 0.419%
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The simulation Sim2 * represents the final simulation when trying to reproduce the
literature data. This is not the same simulation Sine&ented in 4.2.
Following isFigure A.3 andFigure A.4, which exemplifies &inal simulation,

where1000 particles and 1000 iterations were used in the PSO method
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Figure A. 3 - Parametric Analysis of the Final Simulation (SIM2*).(a)9. 4i =|= ; () 9. 1+"H‘
(©)3- §iAF; (d) 9. 4ieps/R; (e)y. fi-beta. Parameters estimated using CPA and
optimization method PSO, with maximum number of 1000 iterations and 1000 particles. 100
experimental points were used between 0.4&).95{|4 . Experimental data from
DIPPR(DIADEM, 2004).
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Figure A. 4 - Parametric Analysis of the Final Simulation (SIM2¥). (a) betai = ; (o) 41 ¥ ;
(©) 37 % ; (d) eps/Ri F ; (e) betai 4 (f) ki 4 (9) eps/Ri {; (h) betai 3 ; (i) eps/RiT 3= ; (j)
betai eps/R. Paramegrs estimated using CPA and optimization method PSO, with maximum
number of 1000 iterations and 1000 particles. 100 experimental points were used between 0.40
- 0.954|1 . Experimental data from DIPPR(DIADEM, 2004).
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Figure A. 4 (contlnuation) - Parametric Analysis of the Flnal Simulation (SIM2%). (a) betal
+ ; (b) Jr} =|= ()31 % ; (d) eps/Ri # ; (e) betai 4 (f) ki 4 (9) eps/Ri {; (h) betai 3= ; (i)
eps/Ri 4 '|r ; (j) beta 1 eps/R. Parameters estimated usmg CPA and optimization method PSO

with maximum number of 1000 iterations and 1000 particles. 100 experimental points were
used between 0.400.954|, . Experimental data from DIPPR(DIADEM, 2004).

Based on the ellipses identifiedFigure A.4, thepure DEA parametemranges to
be used in the next simulatiofwhich considestheLLE data) were obtained’hese ranges

are shown imable A.5.

Table A. 5 - Final parameter intervals generated frompure DEA parameter estimation
applying CPA consideringonly VLE data, obtained by SIM2*. The parameter interval was
generated based on theure DEA experimental data estimated error.

Parameters Lower Bounds Upper Bounds
@ (bar.Ll2moP) 5.23 7.71
b (L/mol) 0.080 0.092
@ 241 3.12
-IR (K) 2640 3080
I .10° 26.99 52.73

A.3 Comparison of the estimated parameters with the
Literature

The obtained results were then verified with the parameters obtained in the literature
(AVLUND; KONTOGEORGIS; MICHELSEN, 2008)This comparison is iffable A.6:
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Table A. 6 - Comparison ofpure DEA estimated parameters with Literature(AVLUND;
KONTOGEORGIS; MICHELSEN, 2008) . Equilibrium data from DIPPR (DIADEM, 2004).

O oR .
4L * = 9 L
N 4 & L 100075 3. jeAAP% AAg M
e m Oo m

0.55

Avlund 20942 0.094 15741943481 332 - 156 1.60 0.9
. . 0.41-
Sim2* 7.5251 0.087 25702800526 36.69 6.36E> 044 0.46 0.95

It is possible to verify that the results obtained vwabightly better (lower values of
AAP% and AA} %presdntechhy AvMuhdmd aceworkers In addition, it was
possible to obtain better results for a wider temperature range than in the Avlund study. The
beginning of the range used in thesearchs the DEA triple point, which corresponds to
41% of thecritical temperature; while Avlunaind ceworkersworked witha narrower range,
starting at 55% ofY.

By inserting Avlund final parameters valuesthe ThermOptimizer adoptingthe
sameEoS (CPA), mixing rule (CR1) and association scheme (4C) it wasssible to

reproduce with certain precision the resultalfle A.7).

Table A. 7 - Calculation of pressure and liquid densitydeviationsapplying Avlund and co
workers data(AVLUND; KONTOGEORGIS; MICHELSEN, 2008) in Pure DEA parameter

estimation.
+ 1 tR J
TN ] 1k L 1000* 7 3. 42AAP% A A 0 ra;ln4ge
o m Oc m
E&Ernodd 20942 0094 15741943481 332 643ES 149 157 05509

The parameters obtained by Avluadd ceworkersin the”Y range(0.411 0.95)
consideredn SIM2* were also appliedi@ble A.8):
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Table A. 8 - Calculation of pressure and liquid densitydeviationsapplying Avlund and co
workers data(AVLUND; KONTOGEORGIS; MICHELSEN, 2008) in Pure DEA parameter
estimation, with narrow er temperature range(0.41-0.95).

g LR

+4+ & d L 1000%a 3. 4 AAP% A A 9 14 range

o m Oo m

Reprod

Avlund 20.942 0.094 1574 1943481 332 - 469.87 251.23 0.41-0.95

The results indicate that tiparameters obtained by Avlumaid ceworkersdo not
meet a highetY range (0.440.95) than tbseof this researct{0.55-0.9).

A.4 Liquid -Liquid Equilibrium Simulation

As already explained iSection 4.3jn order to comply with all the steps indicated
in the parameter estimation methodology used, the parameter estimation was performed
considering a binary mixture of DEA and Hexadecane.

The pure hexadecane data were obtained through their critical cosdition

A.4.1. Reproduction of Literature Results considering the DEA

Hexadecane BinarySystem

In order toenable the possibility of comparinige future results wheconsidering
the LLE dat a, it was first pursued fa@ar the |
problem in the reproduction of this data, which led to an investigation into the origin of the
bibliographic reference indicated in the literatu(AVLUND; KONTOGEORGIS;
MICHELSEN, 2008) this step was reassessed. It follows the detailed informaliout this
step that generated several back and forth in the parameter estimation.

The results obtained by Avlurahd ceworkersfor theDEA LLE with Hexadecane
are presented in graph foifigure A.5):
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1.E+00

= DEA in hexadecane
= hexadecane in DEA

—CPA 4C kij=-0.149
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Figure 5. DEA—hexadecane LLE with an optimal interaction parameter
(experimental data taken from ref. 16).

Figure A. 5 - Temperature versus phase compositiorb{nary mixture DEA-Hexadecane)
(Extracted from Avlund) . The dots represent the experimental data and the solid line
represents themodel results

The experimental data obtained from the Avluemd ceworkers reference is

presented imable A.9:

Table A. 9 - Experimental data obtained from Majid Abedinzadegan Abdi- Mutual Solubility
of Hexadecane with Diethanolamine and with Bis (hydroxyethyl) piperazine

DEA in organic phase Hexadecane in polar phase Temperature (K)
0.018762943 - 378.55
0.031965485 - 400.35
0.041692784 - 413.65
0.052335417 - 431.35
0.053758608 - 436.65
0.060034562 - 445.45
0.076824016 - 463.65

- 0.009386475 495.55
- 0.006784987 483.65
- 0.004574108 469.45
- 0.003402663 455.45
- 0.002607878 445.55
- 0.001767921 429.45
- 0.00088306 408.35
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In an attempt to reproduce the Avluadd ceworkersdata, using the reference

indicated in its article, the final parameters obtained are as follbadg A.10).

Table A. 10- Attempt to reproduce A v | u n d 6 sonsideringlRute ®EA parameter

estimation.
Reference AAXI -11% AAXII -1%
This Work -0.0940 21.83 1283
Avlund (2008) -0.149 Not informed  Not informed  Not informed
PSO Method - ObjF Evaluations o
1_ " .
. 0637
c o8 iI
S |
S 064
TR
@ 0.366
£ 04+
%
QO o024
'
O ‘ ‘ ‘ : 0.186
-1 0.6 0.2 0.2 0.6 1
—
Figure A. 6 -« :Estimation (Reproduction of Results) Equilibrium data from DIPPR

(DIADEM, 2004) and Abdi (ABEDINZADEGAN ABDI; MEISEN, 1998) .

Figure A. 7 - LLE Results (Reproduction of Results) DEA_Lit is the file that pulls the balance
data from the Pure DEA. nC16_Oirig is the file that pulls the parameters of Pure
HexadecaneEquilibrium data from DIPPR (DIADEM, 2004) and Abdi (ABEDINZADEGAN
ABDI; MEISEN, 1998).
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