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Abstract

Abstract

Chemical sparation systems are essential acvas®usindustries but they are often highly
energyintensive Reducing theenergy demandor separation isan importantstepto lower
production costsminimize environmental impast andpromot the sustainable development
of separation technologieghe energy efficiencyf separation systesrdependsiot onlyon
the operating conditionlsut also on the selectionof separating agentssed to facilitatehe
separationsuch assolventsor adsorbentsComputeraided molecular and process design
(CAMPD) can beusedto identify the optimalseparating agentand operating conditions
However, this design method is usually challengingbecauseit often usesnonlinear
mathematical modelto describe thecomplexoverall system These modelsnust then be
integratedinto an optimization problemwhich requiresadvancednumerical methodgo

maximize theoverallperformancef thecrossscalesystem

In this dissertationseveraldatadriven approaches are proposediccelerateomputeraided
molecular, material, and process desihese approaches covearious applicationsfor
efficient separationsystems, including optimal molecular design, largescale material

screeningprocess optimization, and integrated molecular/material and process design.

To acceleratéheidentificationof optimalseparating agentdatadriven models are developed

to predictseparation performance based on the properties or structuresep#rating agents
These modelare further usetb identify the optimaseparating agentsrough surrogatbased
optimization or largescale screening tanaximize separation performande specific
applications For moleculardiscovery molecularproperty targeting ancholecularmapping
methodsare introducedand demonstratetb be effectivefor optimal solvent designFor
materiak discoverytwo types of machinkearning models are developed: an-¢ménd model

for accurate predictions and an interpretable model that provides insights into the predictions.
Both models are very efficient and suitable for largescale screening of metatganic

frameworks (MOFs) targeting energyficient gas separation.

Furthermore, alatadriven CAMPD approaclis proposed d integratethe identification of
optimalmolecuksand materialnto process optimizatiarr his methodcombinegdatadriven
process models, optimization algorithms, and molecular property targéingthe

simultaneougdesignof optimal molecules/materials and process parameatepsoving the
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overallprocess performancé&€aking one step further, Bayesian optimization is integrated into
the datadriven CAMPD approach to reduce the high data dentgpitally requiredfor
accurate surrogate modeling. THesultingBayesCAMPD approach offers a da&tficient and
closedloop solutionto CAMPD tasks by iteratively performing datiiven modeling,

surrogatebased optimization, and solution validation.

The effectiveness of the dadaiven approaches proposed ifsttissertation is demonstrated
using two different separation processes, extractive distillation and pressure swing adsorption.
Theseapproaches amgracticaland computationally efficient in advancing the development of

efficient separation systems with broad applications in chemical engineering.
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Zusammenfassung

Chemische Trennprozess sind in verschiedenenindustrien wichtig, aber oft sehr
energieintensivDen Energieverbrauch f@tofftrennungen zu reduzieren, ist ein wesentlicher
Schritt zur Senkung der Produktionskosten und zur MinimiedergJmweltauswirkungen
Daher muss eineachhaltige Entwicklung voenergiesparendefrenntechnologien gefoérdert
werden Die Energieeffizienz von Trennsystemenhéangt nicht nur von den
Betriebsbedingungen ab, sondern auch von der Auswahlilfiestoffe, die zur Erleichterung
der Trennung eingesetzt werden,B. Losungsniteln und Adsorbenzien Mit Hilfe des
computergestutztedolekil- undProzessdesigi{CAMPD) kénnen die optimaleilfsstoffe
und Betriebsbedingungasrmittelnwerden. Dies®esignMethode ist jedoch oft schwierig,
da hierbei haufig nichtlinearanathematische Modelleur Beschreibung dekomplexen
Gesamtgstem verwendet werdenund diese Modelle dann auch nochin ein
Optimierungsproblem integriert werdemmissen Dieses Problemkann nur mit
fortgeschrittene numerischa Methoden gelosiverden um die Gesamtleistung des Systems

(Molekdl/Material/Prozess) skalentbergreifendmaximieren.

In der vorliegendeDissertation werden verschiedene datémgieeneAnsétze vorgeschlagen,
um das computergestiutzt®lolekul-, Material und Prozessdesign zu beschleunigen. Diese
Ansétze decken verschiedeneAnwendungenvon effiziente Trennsystemeb, darunter
optimales Molekuldesign, groRangelegte MaterialScreening, Prozessoptimierung und

integriertes Molekul-/Material und Prozessdesign

Um das Auffinden von optimal geeignetetMolekilen und Materialien zu beschleunigen,
werden datendgeebene Modelle entwickelt,mit denen mandie Trennleistung auf der
Grundlage der Eigenschaften oder Strukturen StefftrenrHilfsmittel abschatzen kann
Diese Modelle werdenmveitethin verwendet um die optimalenHilfsstoffe durch Surrogat
basierteOptimierungodergrof3angelegteScreeningu identifizierenum dieTrennleistungn
spezifischa Anwendungen zu maximierefm Bereich der Molekid@ptimierungwerden die
MethodikenA Mo | <€igepdchafisTargetingi u n d  ANVeop peikig @i effizientes
optimales Loésungsmitteldesign eingefuhrt uhelren Wirksamkeit anhand von Beispielen
demonstriert.Im Bereich der Materiaptimierung werden zwei Arten von maschinellen

Lernmodellen entwickelt: ein Erm-End-Modell fir akkurate Vorhersagen und ein
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interpretierbares ModelyelchesEinblicke in die Vorhersagen biet&eide Modelle singehr
gutgeeignetiir dasgroRangelegte Screening von metallorganischen Geaiistialien(MOFS)

zur energieeffizienten Gastrennung.

Weiterhin wird én datengetriebeme CAMPD-Ansatz vorgeschlagen, um dErmittlung
optimalerMolekile und Materialiem die Prozessoptimierung zu integrieren. Diese Methode
kombiniert datengestitzte Prozessmodelle, Optimierungsalgorithmen Avtmlekiil-
Eigenschaftslargetingi, um  gleichzeitig optimale  Molekule/Materialien  und
Prozessparameter eatwerfenwodurch die Gesamtleistung des Prozesses verbesseriwird.
einem weitererSchritt wird die B a y e s O@imiérieng in den datengestitzten CAMPD
Ansatz iregriert, um deroft hohen Datenbedarf flr eine genaue Surrdgatlellierung zu
reduzieren.Der daraus resultierende BayesCAMRDsatz bietet einelateneffizienteund
geschlossene Losungon CAMPD-Aufgaben, indem er datengestitzte Modellierung,

Surrogatbasierte OptimierungndLésungsvalidierung iterativ durchfihrt

Die Wirksamkeit der in der Dissertatiororgeschlagenen datengestiitzten Ansatealen
anhand vonzwei verschiedenen Treprozessen der extraktiven Destillation und der
Druckwechseladsorption, demonstriedie sind praktisch und rechnerisch effiziéai der
Entwicklung effizienter Trennsystememit breiten Anwendungsmaoglichkeitein der

chemischen Technik.
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1 Introduction

1 Introduction

1.1 Motivation and objectives

Chemical processes are essenaialoss numerousndustries, includingpetrochemicals,
pharmaceuticalsnanufacturing, agricultur@and many other3hey enable theansformation

of energy and raw materials infiyoductsimportant for other industrial sectors and final
consumers The chemical industry is the largest industrial energy consumer and accounts for
around ongyuarterof total industrial energy consumptiom 2020,it consumed 383 billion
kilowatt hours, representing more than half of the electricity and usatby all private
households in Germarfyln the chemical industry, the components of large quantities of
chemical mixtures are separated into purer forgwehchemical separatioprocesses are
fundamentabut energyintensive contributing toapproximately 1015% of global energy
consumptior? Therefore,reducingenergy demand isrucial to lower production costs and
minimize environmental impacts, promotinthe sustainable development of chemical
industies This aligns withi Desi gn f or SVepraze Efficiereydp 0 o ind h e

Principles of Greekngineering

Over the yearsignificant efforts have been dedicatedh® chemical sector improveenergy
efficiency, focusing on reducing fuel and power energy consumption. As a matter of fact, a 48%
reduction in energy consumption has been achieved sincel10®@mizing chemical
separatiorprocessess adirect way to reduce energgemand and production costahile
enhancingproduct quality andsystem efficiency resulting in efficient and sustainable
production By performing process optimization, the optinagleratirg conditionssuch as
pressure and temperature can be determiBegondprocess optimization, the selection of
appropriatechemicalds essential for efficienthemicalseparatiorprocesses, ateydirectly

affect energy consumption, economic feasibility, and environmental impact. For instance,
selecting asuitablesolvent can significantly reduseparation difficultyenergy demanand
solventusage This can besystematicallyachieved througlbomputeraided molecular design
(CAMD) to identify the optimalchemicalsfor specific separation processé&sirthermore,
integratingprocess optimization with the selection of chemicasally leads teenhanced
energy efficiencywhich is achievedthroughcomputeraided molecular and process design
(CAMPD). CAMPD is an important method in the research and development asteags

various engineering applicatigriecusng on the determination of suitabtéemicalgsuch as
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solvents and adsorbaptand optimal process operajirconditions to achieve specific

objectives such asninimizedenergydemand or production cost

CommonCAMPD methodsftencombinemathematical models and optimization algorithms.
Mathematicalmodels are used to describe all phenomena relevant to the system under
investigation, such alermodynamicanolecular properes phasesquilibrium, conservation

laws, reaction kinetics, and unit operations, among otkrsethe optimization problem is
formulatedwith these models,mimization algorithmsre used to solvéand identify thebest
solutionfor specified criteriaHowever, he complexity of theemathematical modelsan lead

to difficulties in solving the optimization problem, requiring sophisticated numerical methods
and solvers.This is particularlynoticeablefor large andcomplex systemswhere many
mathematical modelwith different levels of nonlinearity and nonconvexéye integrated

posng significant computational challenges for optimization.

Recent advances in dadaiven approachegarticularlymachine learningML), have offered
promising solutions to various engineering tasks/eraging available data and advanktd
techniquesgdatadriven modelsan bedeveloped to captutbe behaviors of complex systems

and guide their optimization. This has been proven practical in different science and
engineering applications, such asaterials discovery and desigrs*®. In addition, these
strategiesare gaining attention isurrogate modeling for complex systersrrogate models

with high computational efficiencgre developedo replace complex mathematical models
Consequentlytheoptimizationdifficulty can be significantly reducda using thesefficient

surrogate models

In the early stage of process developmtna,focus is primarily on processvel performance
indicatorssuch as product quality, energgmandg and economic benefiEquipment and
phaselevd performancesuch agemperaturalistribution and vaporliquid equilibrium can
be temporarily ignored. Given thesi is often sufficient and more efficiend develop
surrogate models fahe entire systerto estimaé importantprocesdevel performancerather
than developing surrogate models for every matheadamodel involvedTherefore,data
driven approaches can bensidereckffective and efficient for the CAMPD discover better
molecules and materialfor efficient separationsystems and identify optimal operating

conditions that maximizeverallsystem performance



1 Introduction

This dissertationexplores the potential of advanced ddtaven approaches for Process
Systems Engineering (PSE) applicatiomgh a particular focusn computeiaided molecular,
material, and process desjdo accelerate the optimal design of efficient separation systems
It aims to provide practical datixriven solutions for a broad range of applications in chemical
and materials engineering, while also offering valuable insights for industrial practices and
future research in the fieldAccordingly, he research strategy will focus @atadriven

solutionsto achievehe following objectives

1 Optimalmoleculardesignof solvents for extractive distillation

1 Identification of optimal metatorganic frameworks (MOFs) as adsorbent$or gas
separation

1 Integrated design of solvents and extractive distillation processes.

1 Integrated design dlOFsand pressure swing adsorption processes.

1.2 Outline

Chapter 2 provides an overview of the research fundamentals related to molecular design,
materials discovery, and process optimization in separation systems. It also introduces
computational techniques such as ed#tgen modeling, mathematical optimization, and

Bayesian optimization.

Part | Chapters 3 and4) focuses ommolecular discoveryChapter 3 introduces molecular
property targeting and molecular mappitechniquesfor optimal molecular design and
demonstratesheir effectivenessthrough the optimal design of solvents for extractive
distillation. Chapter 4 introduces a datdriven CAMPD approach that incorporates the
molecular property targeting technique for efficient integrated molecular and process design
Additionally, Bayesian optimization is integrated improve the CAMPD approactby
redudéng data demand for accurate surrogate modeBagh datadriven CAMPD approaches

are demonstrated ligeintegrated design of solvents and extractive distillation processes

Part Il Chapters 5 and6) focuses on materialiscovery Chapter 5 develos two types of
machine learning models fdhe identification of optimal MOFs. Both approaches are
demonstratecdefficient for largescale adsorbentscreeningtargeting energyefficient gas

separationChapter 6 integraes MOF selection with process optimization. Both simulation
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based and datdriven optimization approaches are conducted for selecting suitable adsorbents

and designing efficient pressure swing adsorption systems.

Chapter 7 concludes thedissertation by summarizing its contributions and suggesting

directions for future research

Figure 1-1 illustratesthe sequence andterrelationsamongthe four chapterghat constitute

theoriginal contributiors of this dissertatioiChapters 3i 6).

Chapter 1
Introduction

Chapter 2
Fundamentals

Methodologies and Results

Part | Chapter 3 Chapter 4
Molecular Discovery CAMD for Solvents CAMPD for Solvents
"""""" Molecular Level ~ Molecular & Process Levels.
Part Il Chapter 5 Chapter 6
Materials Discovery CAMD for MOFs CAMPD for MOFs
Chapter 7

Conclusions and Outlook

Figure 1-1. Schematic outline of thesbertation

Some results and parts of this dissertation have been puBitstiedre intended for future
publicationand, thereforewyill not be explicitly cited within this dissertatiomhe main content
of Chapters 3i 6 is primarily based on the following works

1 Wang Z, Zhou T, Sundmacher K. Dathiven integrated design of solvents and
extractive distillation processeSIChE Journal 2023; 69(12): €18236

1 Wang Z, Zhou Y, Zhou T, Sundmacher K. Identification of optinnadétal organic
frameworks by machine learning: Structure decomposition, feature integration, and
predictive modelingComputers & Chemical Engineering022;160:107739
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Wang Z, Zhou T, Sundmacher Hnterpretable machine learning for accelerating the
discovery of metal organic frameworks for ethane/ethylene separati@hemical
Engineering Journal2022;444:136651

Wang Z, Zhou T, Sundmacher K. Molecular property targeting for optimal solvent
design in extractive distillation processem: Kokossis AC, Georgiadis MC,
Pistikopoulos E, edsComputer Aided Chemical Engineeringlsevier; 20231247

1252

Wang Z, Zhou T, Sundmacher K. BayesCAMPD: Daefficient and closedbop
integrated molecular and process design using Bayesian optimiZagite. submitted

Wang Z, Zhou T, Sundmacher K. Integrated adsorbent selection and process design:

Simulatiorbased and datdriven optimization approacheko be submitted
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2.1 Separationprocesses

In chemical production systemene of the major tasks iseparating large quantities of
chemical mixtures into pure componer@iemical separation processgh as distillation,

drying, and evaporatigrare typically the mostenergyrequiring operations in chemical and
petroleum refiningndustries,accouning for about half of US industrial energy use and 10
15% of the nati onds?Redutingthe eeerge demand of sepasatiomp t i
processes is a pivotal step lawer production costs anthinimize environmental impacts,

promotingthe sustainable development of chemical production systems.

2.1.1Extractive distillation

Distillation is the process of separating components of a liquid mixture by successive
evaporation and condensation according to their different boiling pointoreisf the most

widely used separatiotechniquesn variousindustrial applications, such asl refineries,
petrochemical plantsind natural gas processifagilities.’° However, t is the major energy

intensive separation process as 49% of the energy consumed in separation processes is used fol
distillation3

For components with high relative volatility, distillation is the preferred separation process due
to the ease of achieving high purity. However, for mixtures with close boiling points (such as
C4, C5, and C6 hydrocarbons) or mixtures that form azeoti(gpeb as ethanol/water and
acetone/methanol), the separationcbyventional distillation processbecomeshallenging
andenergy intensiveln such casesalternative techniques such as extractive distillasion

considered effectivin facilitating se@rationand reduimg energy consumption.

In extractive distillationa suitable solverthat interacts with a preferred affinity for one of the
componentss introducedto alterthe relative volatility of mixturebeingseparatedallowing

for efficient separation through regular distillatidri? Extractive distillation has been widely
applied inthe petrochemical and pharmaceutical industry for diffitaliseparatamixtures

such as acetone/methalidf and ethanol/watéf?°. In general, for a binary mixture, the ED
process consists of two columns, i.e., an extractive distillation column (EDC) and a solvent
recovery column (SRC)n the EDC, solvent is fed to the upper part. One of the components

is purified and obtained in the distillate, ahe@ othens withdrawn withthe solvenfrom the
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bottom. The bottom product is then taken to the SRC, in which the other component is obtained

in the distillate and the solvent is recovered and recyétech the bottonm(Figure 2-1).

Solvent - > A < > B
— ]
EDC SRC
Feed B+
(A+B) Solvent A: Light component
—_—t -] - - -

B: Heavy component

Solvent

Figure 2-1. ED process for separagj closeboiling or azeotropic mixtures.

2.1.2Pressureswing adsorption

Separating and purifying gas mixturase critical acrossarious industries. Pressure swing
adsorption (PSAis a versatile technique that leverages the varying affinities of different gases
for a specific adsorbent materfalBy manipulatingoperatingpressurs, PSA efficiently

separatgthe desired gas component through concessive adsorption and desorption.

PSA can efficiently produce higburity gases and can keiloredfor the separation of various
gas mixtures depending on the chosen adsorBetdctive adsorbent materials (eagtivated
carbon,zeolites, etc.) are used preferentially adsorthe targeor undesiredyas species at
high pressure® ThePSA systenthen swings t@ lower pressure taeleasehe adsorbed gas.
For example, PSA can be used to prochigh-purity oxygen from air223 Specifically, d is
fed into a vessel containingdsorbentghat preferentially adsormitrogen over oxygen
allowing pure oxygen to bproduced Oncethe adsorbent reaches its adsorption capatity

can be regenerated by decreasing the pressure, thus releasing the amisogsed

PSA has numerous applications beyond oxygen produdigrh asndustrial production of
high-purity nitroger*2° removal of carbon dioxide in hydrogeranufactured by natural gas
reforming®28, and separation of carbon dioxide biogasupgrading®3’. Moreover in the
frame of carbon capture and storaggjveresearch is underway to explore PSA for capturing

CO, from power plants to mitigate greenhouse gas emiséfdhs.

Compared to cryogenic distillatioRSA systemsareenergyefficient because¢hey operateat

nearambient temperatures. The industrial separatiorolefins from paraffinsfor light
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hydrocarbongypically relies on higipressure cryogenic distillation &w temperatures,
which requires significant energy input from refrigeration systéfngn such cases, PSA

system<an beconsideredin energyefficient solution

Blowdown
Evacuation

Pressurization
Adsorption

Feed (A + B) A: Weakly adsorbed component L » B

B: Strongly adsorbed component

Figure 2-2. VPSA procesdgor gasseparation.

Vacuum pressure swing adsorption (VPSA) is a variation of PSA technology, where the
adsorption step is performed at pressures higher than ambient and the desorption is achieved
under vacuum. VPSQArocesseblave superior regeneration effeand high product recovery

rates A PVSA cycle typically consists of four steppressurization, adsorption, blowdown,

and evacuatioidesorptionFigure 2-2).

Taking N/CO; separatiorwith COp-selective adsorbengs an example, the cycle operates as

follows:

1 Pressurization Theadsorption columiegins at the low pressure (desorption pressure,
PL). Pressurized feed is used to raise the pressure of the columB.ftornigh pressure
(adsorption pressurey).

1 Adsorption Once thecolumnis pressurized, the valve at the end of the column is opened
and the pressurized feed flows throughd¢bkimn CO; is adsorbed and A\exits from
the end

1 Blowdown Once thecolumnhas become saturated with £@he inlet valve is closed,
and thecolumnis depressurized by opening the valve at the end of the column.

91 Evacuation After the column is depressurized, tredve at the front end opened while
the valve at the enof the columns closedCQ:; is recoveredy decreasing the pressure

to vacuum. Once the G@ removed, the adsorpti@olumnis readyfor the next cycle
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2.2 Separatingagents

In chemical separation processesjassseparating agefs a chemical added to facilitate the
separation of desired componemesulting inreduced energy consumption, improved product
purity, orrelaxed experimental conditionEheselectiornof aseparating ageim criticalfor the
separation processsit directly influencesthe separatiorefficiency, economic viability and

environmental impact

2.2.10rganic solvent

Organic solvents are versatile chemicals widely used across numerous scientific disciplines
and industries due to their ability to dissolve a vast array of substartuasapplications
includedissoling reactants to facilitate reactigrextracting valuablecomponents fromatural
resources and purifying solid compounds through recrystallization among otffe¥sIn
extractive distillation an organic solveris commonly used talter the relative volatility of
closeboiling or azeotropic mixtureso be separatedallowing for improved separation

efficiency and reduceenergy consumption

The selectionof solvent is key for the viability of aextractive distillationprocess, and
therefore, different aspects should be considered for the selection of a suitable'$ohnst,

the solvent should be able to manipulate the relative volatility of components to be separated.
For instance, the solvent should have a high selectivity, i.e., preferential interaction with one
component over the othar terms of a binary mixturé&Second, it is essential that the solvent
can berecovereceasily to recycle the solvent back to the extractive distillation caldmat

is to saythe solvent should have a high relative volatility with the preferentially interacting
compound Third, often but not exclusivelythe introduced solvent should not form an
azeotrope with the components to be separa#tdditionally, other properties of the solvent
also influence theseparatiorperformanceFor instance,dw heat capacity andnthalpy of
vaporizationcan reduceenergydemand.Environmental, health, and safety impacts can be

consideredo improvesustainability

In addition to organic solventsther types ofseparating agentsuch adonic liquids deep
eutectic solvents, and mixtures of different solvents are increasingly being explored for
efficient extractive distillation. Further comprehensive introductimisthese advanced

solvents can be found in recembrksand reviewg?44
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2.2.2Metal-organic framework

Metal-organic frameworks (MOF$)ave emerged as an extensive class of crystalline materials
due to theirlarge surface areahigh porosity, and customizable functionaflyThese
characteristicsnake MOFs highly versatiltor a wide range of potential applicatiomsgas
separation, gas storage, catalysis, and be§foRdheir modular building block§.e., metal
nodes and organic linkershable the tailoring d¥1OF structures with desirable properties for
specific applicationsThis has beeoonfirmed bythe successful synthesistefs of thousands
of novel MOFs over the past decadé?For instance, a new MOF structure cal@LF-20

is reported as a promisiragisorbent for industrisgdcale CQ capture, because of its high €0
adsorption capacity, high CQelectivity over N, and stability during adsorptieshesorption
cycles®

Compaedto traditional adsorbents such as activated cadmoizeolites, MOFsoffer several
key advantagesincluding exceptionakurface areadiverse structues and tunable pore
structure and functionalifif This translates to highly selective adsorption, allowing them to
capture desired molecules while excludingdesiredones. Additionally, the enhanced
adsorption capacity can significantly improve efficiency and productivity in {scgke
separation processd3espite these attractive features, some challenges reStalnlity has
been considerednimportant factodimiting their applicability MOFs can be susceptible to
degradation under certain conditions, such as exposure to moisture, high tempecature
specific chemical8’ Moreover, salability and coseffectiveness are majooncernsaslarge
scale production for industrial applications can be difficult and expendi@uvever, the
potential benefits of MOFs make them a highly promising area of research with the potential
to revolutionize various adsorption applicatioResearchers are actively working to overcome

these challenges to unlock the full potential of M@dfdarge scale industrial applications.

In addition to MOFs, other types afdisorbentsuch ascovalent organic frameworkand
compositesof different porous materialsare increasingly being explored for efficient
adsorption Further comprehensive introducticsfdhese advanceatisorbentsan be found in

recent works and revievi&8°

2.3 Computer-aided molecularand process design

In the pastmost separating agentsuch assolventsand adsorbentsused inthe chemical

industry were not systematically selected or designed, primarily depending on domain
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knowledge and expert experietfeeThus, theseseparating agent:iay not be the optimal
candidates to meet the separation requireméntbis contextidentifying better alternatives
throughsystematic screening or design stragegan improve energy efficiency eéparation
processesandtherefore redue@ emissions and pollution.

Computeraided molecular design (CAMD)ffers a promising approador the systematic
selection and design aolventsthat fulfill a set of target molecular properties or process
performance indicatof®% By leveragingmodern molecular property models and process
models, CAMD methods have beefidely used to design solvents for various applications
including gasabsorptiof®, liquid-liquid extractiof®®’, chemicalreactiof® "%, and extractive

distillation’>"# among otherd’s.

While many CAMD studies endeavor to discover chemicals with the ultimate goal of being
incorporated into industrial processfew have explicitly considered the complex relationship
between a particular molecule and the pro¢e&This relationship unfortunately is essential
since process performanceadften highly sensitive to theehosenmolecule. For separation
processes such as extraction, crystallization, and adsorption, their feasibility and efficiency are
highly dependent on not onlhe process operating conditions, but alse selection of
separating agenfé’%8! Taking their interplay into account, the selectiorseparating agents

and optimization of separation processes should be carried out simultaneously. Therefore, the
process design needs toibeegraedinto the CAMD for efficient separationThis integrated
approachis known as computesided molecular and process design (CAMPD), where
molecules and processes are optimized simultaneously to improve the overall process
performanceDifferent CAMPD approaches have besuccessfullyapplied toa wide rangef
processes, such a$iquid-liquid extractiof*®* gas absorptidi®’, pressure swing
adsorptiof®®S extractive distillatio?f, and chemical reactiGh®.

2.4 Computational techniques

2.4.1Data-driven modeling

Mathematical modelarefundamental to theimulation, optimizationand control of chemical
processe&+% Accurate modeling and simulation of processes usually benefit fhem
increasing complexity of underlying models, which also leads to increased computational

demandsn applicationssuch as process optimizatihiTo address this challengdifferent
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strategies such as surrogate moddhage beewleveloped to replace complex modéiereby

reducing the computational effort in function evaluatamamodetbased optimizatiof-*®

With the continuous advancés artificial intelligence and related subjects (e.g., machine
learning, data science, and digitalization), ettisen techniques are transforming and
revolutionizing both fundamental research and industrial practaress various disciplinés.
1031n recent years, datdriven modeling has received substantial attentiorits ability to
effectively handle large datasets and approximate complex sy$téft8*19 providing
practical solutions for a wide range of applicatfGps™.

Datadriven modeling creates shortanbdelsfor complex systemithat are computationally
expensive ounknown In chemical and process engineering, dhitaen models are usually
built based on Krigin§§-1°7:11311%nd artificial neural networks (ANNS$116118 andthey are
subsequently used to replace the origiplaysicsbasedmodels toalleviate computational
burdendn process optimizatiorsome examples of applications in engineefialgls include
optimization of distillation columri§°” optimization of carbon fiber production pl&t and
control of pharmaceutical manufacturing syst&nThese studiedemonstratéhat datadriven
models enable computationally efficient optimizatiddgerall,datadriven modelindhas been
recognized as an emerging tool haild surrogatemodek (with high accuracy and low
complexity) to capture thbehavior ofcomplexsystens, enabling the efficientlesign and

optimization of chemicgbrocesses

2.4.2Mathematical optimization

Mathematical ptimizationinvolvesfinding the best solutiofrom all possible solutions to
maximize or minimize a functiorin terms of a functiori defined ona domainX, the goal of
optimization(in the case ominimization problemsis to systematically search the domain for
a pointe® N ysuch thatQe®  "Qwm for all ¢ ¥ . Typically, X is asubset of the Euclidean
spaces , oftenconstrainedby a set ofconditionsthat elementsof X have to satisfy. The
domainX is known asthe search spacandthe elements oKX are called candidate solutions.
The functionf is calledthe objective function anda feasible solution that minimizes the

objective function ishe optimal solution.

In generalthreekey components anategratedwhenformulating an optimization problem:
objective function, decision variable, and constraltrmulating an optimization problem

involves translating a realorld problem into the mathematical equations and variables

12



2 Fundamentals

comprisng these three components. The objective functimthe function to be optimized
(minimized or maximized) The decision variable®ften denoted as the vectry are the
unknown and controllable parameters that need t@adjested to optimize the objective
function. Thesevariables can be discrete or continuo@onstraints define the feasible region
within which the optimization algorithm must search for the optimal solution, limiting the
possible values for the decision variabl€®nstraints can be divided into two categories:

equality constrainh and inequality constrairf

An optimization problenffor minimization)can be generally formulated as:

[ ETQe

s.t. Qe T
Qe T
eN g

The objective function is optimized with respect to decision variables imprémsence of
constraints on those variablds.an optimization problemnvolvesmore than one objective
function to be optimized simultaneouslyt is called multi-objective optimization.These
objectives usually conflict with each other. For exampléeims of materialor Aerospace
engineering one might want to minimize both cost and weight while maximizing strength.
Since improving one objective oftelegra@sat least one of the other objectiyéimdeoffs

can be identified, leading to a Pareto set of optimal solutidhthese Pareto optimal solutions
are considered equally goodo solve multiobjective optimization problems, various
algorithms are available, such dimear scalarization epsilonrconstraint method,and

evolutionary algorithms?2

Optimization problems arise in various applications across different fieldshémical
production systems, process optimizationrégularly applied to identify the operating
conditions that maximiz@rocessefficiency and productivity under giveproductquality
constraints.First, mathematical modslof the processare developed and validatedsing
experimental data. TBe modek are then used as in silico representation of the process
allowing for thedetermination of optimadperating conditions using either derivativesed or

derivativefree algorithms?3
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2.4.3Bayesianoptimization

Bayesian optimization is a sequentigsign strategused tooptimize expensiveto-evaluate
functions?412>Unlike classical optimization techniqudéayesian optimization routines rely
on a statistical modehat approximatethe functionof interest guidingthe algorithnto make
the mostinformed decisionst?® This model iscomputationally cheapéo evaluate than the
actual objective function arghn efficiently directhe search for the optimal solutiddayesian
optimizationcan deliver impressive performance even when optimizing coniptetions

under limitedevaluation budgets

One of the keyadvantage®f Bayesian optimizatioms that itdoes not require the objective
functionto have a knowmathematical forminstead it considers the objective function as a
black box, requiring only measurements at selected points on deffaid Bayesian
optimization, the unknown objective function is treated as a random function, and a prior
(usually a Gaussian process model) is placed over it. The optimization process follows three
main stepsModeling: Using the available datdi.e., initial observations of the @utive
function), the prior is updated to form the posterior distributfoa., Gaussian process model
trained with the initial datasetyver the objective functionOptimization The posterior
distribution, in turn, is used to construct an acquisition functidrch is used tdeterminghe

point to make the next observatidne., the optimal solution for the objective functidn)

using mathematical optimization techniqua&lidation: After the objective function ahe
suggested point is validated, the newly observed informatiaddsdto the dataset to update

the posteaor. This modelingoptimizationvalidation procedurdterates until the termination
conditionis reached (e.g., budget exhaustéageneralBayesiaroptimization can efficiently
explore the search space adentify the optinum for the objective functiobeingstuded.

In the context oflatadriven modelingor complex systemseveloping sufficiently accurate
surrogate model® describesystem behaviorsften necessitates extensive data covering the
entire region of interesfe.g., the operation window of a separation unit in a chemical
procesk!!® However, obtaining such data can be rescimtansive.Due to the limitecdata
and high dimensionality encountered in engineering de¢agks constructing a globally valid
approximaion model remains difficultFor such situationgjataefficient approaches are of
great importance in alleviating the burden of data collection, vBeyesian optimizationan

stand out.
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As adataefficient optimization methgdBayesian optimizatiors particularly advantageous

for high-dimensional optimization problems where the objective function is difficult or
expensive to evaluate. Evidenced by successful applications in reaction condition
optimizatiort?”13°, materials discovety**4 and reactor desigt?'*3¢ Bayesian optimization
exhibits remarkable advantages in achieving siftbe-art performance with minimal
experimentabr computational costsnaking it a valuable tool for complex, higimensional

optimization problems in engineering and scientific research.
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3 Optimal Solvent Design for Extractive Distillation

Processes

This chaptelintroduces molecular property targeting and molecular mapeitgiquedor
optimal molecular design. Thegre developedbased on the continuomsoleculartargeting
(CoMT) approack’, which considers a continuous molecular structure space in terms of
propertyrelated parameters. Characterg molecular structures by molecular properttas,
molecular property targeting and molecular mapping approaches circumvent discrete

molecular decisions ithe optimalmolecular design.

In this chapter, solvents are optimally desigf@dextractive distillation (ED) processey

directly targeting desirable molecular properti€sist, datadriven process models are
established to estimate kpgrformance indicators of the ED process with the most important
processrelevant properties of the solvent. Subsequently, solvent design is performed in two
steps molecular property targeting and molecular mapping. In the first step, optimal molecular
properties are obtained from modelsed optimizatignand hypothetical target molecules
featuring the desirable properties are thereby generated. In the subsequent step, real solvents
that approximate the optimal property profiles of hypothetical moleauntadentified from a

real solvent database.

The proposed moleculpropertytargetingapproachs illustrated using an industrially relevant
case the separation of the clod®iling mixture 1,3-butadienel-butene CsHs/CsHs), as
introduced inAppendix A.

3.1 Data-driven process modeling

To efficiently evaluate the performance of solvents in separation systems, process models that
reflectthe impact of solvents on the process performance are regaued.models can also
be used for the optimal design of solvents to discover better alternativpsetbett improved

process performanaehile satisfying desired separation requirements

Mechanistic modelsacross different levels of separation syssemolecular interaction
thermodynamicsphase equilibtim, massand energytransfer etc) are commonly used to

provide insights for simulation and optimization purposes datadriven mannerefficient
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processsurrogatemodelscan bebuilt to directly link solvents to theicorresponding process
performancendicators achievng efficient processvaluation and optimizatioffFigure 3-1).

Such models can direct the design of solvents by identifying the optimal values of molecular
propertieghatmaximize the process performanEer the GHe/CsHsg separationN-methyt2-
pyrrolidone (NMP) isrecognizedas abenchmarksolvent since it is commercially used in
butadiene extraction proces$é%!4° The optimaloperating conditionare pre-determined by
process optimizationsing NPM as the solverBubsequentlyyndertheseoperating conditions,

the optimal solvent designdsirried outThus,it canbe considered as the search for potentially
better alternativedo the industrially used solvent NMPBr butadiene extractionFor
simplification, in this chapter, only the extractive distillation column (EDC) is considered to
demonstrate the molecular property targeting method for the optimal solvent design. The entire
ED process consistingf EDC and solvent recovery column (SR&Z¥ further consideredn

the CAMPD in Chapter 4.

Molecule (Solvent) Molecular property
(selectivity, heat capacity, etc.) (Input / Decision variable)
. -"‘ '- - - -\
Extractive Distillation Process Evaluation
Solv'e:n ______ - A B =
Feed | € gr | € DATA-DRIVEN ~ | “Data-Driven
ao | | | soen | | MODELING ~|Process Model
T ‘I.r};
Solvent
Optimization
\ J
Process performance indicator Process performance indicator
(product purity, energy consumption, etc.) (Output / Objective & Constraint)

Figure 3-1. Datadriven modelingof the ED procestor the optimal solvent design

Taking advantage of the CoMT metH6ld discrete molecular decision variables are
circumvented by defining a hypothetical molecule that is represented by continuous parameters,
i.e.,procesgelevantmolecular properties. Five molecular properties are considered, including

selectivity at infinite dilution, molar heat capacity, molecular weight, density, and viscosity.

Selectivity at infinite dilution §) is used to describe the capability of solventpunifying

C4Hg in the EDC. The selectivity of £ls over GHg at infinite dilution is expressed as,
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whered” is the infinite dilution activity coefficient. It is calculated at 25iAQhis case

Molar heat capacit{Cy) reflects the energgemandn heating the solvertontained mixtures.
It is calculated at 25 °C and 1 barthis caseMolecular weigh{MW) is easy to obtain and
can characterize the boiling point of the solvent to a large extent. Moreover, dehsibd
viscosity(/7) are considered because they affect the transport of materials in the Satiem.

are calculated at 25 °C and 1 bathis case

The dataset for dat@driven modeling contains inpatutput pairsfor 126 organic solvents
selectedrom the Aspen Plus component dataB&s@he inputs ar¢he aforementionetive
procesgrelevantmolecularproperties of the solvent. The outputs are the key performance
indicators of the Eprocessincluding product purity (¢Hs purity of the EDC distillate, Xcans)

and energylemanddescribed byYEDC reboiler heat dutyQepc). The dataset is generatiey
rigorous process simulation in Aspen Plus based on the UNIFAC thermodynamic model. It is
randomlydividedinto two sets, i.e., a training set (80%) for model development and a test set
(20%) for model evaluation. Feature scalingappliedto the inputspaceusing zscore

normalization

Table 3-1. Hyperparameters and corresponding options for hyperparameter optimization.

Hyperparameter Options

The number of hidden layersl{) 1,2
The number of neurons in each hidden layj}ek) [1, 4]

Activation function ELU, Sigmoid, Softplus, Tanl

Feedforward neural network (FNN), the most straightforward type of artificial neztvabrks,

is used to build the datdriven process modahd implementedsing PyTorcH?. To constrain
model complexity and reduce overfitting, the FNN has up to two hidden layers with a
maximum of four neurons in each lageibject to hyperparameter optimization. Different types
of nonlinear activation functions are considered, including exponential linear unit (ELU),
Sigmoid, Softplus, and hyperbolic tangent (Talffi)To determine the optimal FNN
architectures for datdriven process models, fisfeld crossvalidation is performed for the
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optimization of hyperparameters. Hyperparameters and their corresponding options are

provided inTable 3-1.

Table 3-2. Optimal hyperparameter settings.

Model Nu. Nun  Activation function
XcaHs 1 2 SIngId
Qepc 1 4 Softplus

With the optimal FNNhyperparameteligentified bythefive-fold crossvalidation(Table 3-2),
process models are developed using the training data and evalgsigdhe test datdhe
process performance of each solvent is predicted using five models derived from-tb&lfive
crossvalidation, and the point and the error baFigure 3-2 show the average and standard
deviation of these predictions, respectivel\s they present satisfactory accuracy in the
prediction of GHs purity andreboilerheat duty, the datdriven models are subsequently used

for the optimalsolvent design.
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Figure 3-2. Performance of the datiriven modeldor (A) CsHs purity and (B) reboiler heat duty.

3.2 Molecular property targeting

Based on thedevelopeddatadriven models, a muHbbjective optimization problenis
formulated tomaximize the GHs purity while minimizing the heat dutys follows:
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wherefcang andfg are the datalriven models for the estimation ofis purity and reboiler

heat duty, respectively is the molecular property spa@ndL andU denote the lower and

upper bounds. Box constraints are set on each variable based on the corresponding minimum
and maximum values from the data3éte lower and upper bounds of each molecular decision

variable are summarized Trable 3-3.

Table 3-3. Upper and lower bounds of molecular decision variables.

Variable Symbol Unit Lower bound Upper bound
Selectivity at infinite dilution S T 0.844 1.642
Molar heat capacity Co J/(mol-K) 114.7 395.5
Molecular weight MW g/mol 71.12 172.27
Density r kg/m?® 701 1618
Viscosity m mPa-s 0.23 8.43

The multiobjective optimization problem is solved usitig nonrdominated sorting genetic
algorithm (NSGAII)*® implemented in Pymd6®. With a population size of 100hé
optimization converges in 100 generations, obtaining a set of Rgrtoal solutions (i.e.,
hypothetical target solvent molecules). The hypothetical molecules are considered to be the
optimal solutions in the design spaEeure 3-3 depicts the objective function values for the
hypothetical target molecules featuring optimal molecular propeztissore normalization is
applied to the heat duty (i.e., objective function 2) so that the magnitudes of two objective

functions are comparable.

Generation 1
Generation 3
Generation 4
Generation 5
Generation 8
Generation 15
Generation 50
® Generation 100

Ideal | Pareto-optimal

solutions

Obijective function 2

0.00 0.01 0.02 0.03 0.04 0.05
Objective function 1

Figure 3-3. Multi-objective optimization resulfer the optimal solvent design
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3.3 Molecular mapping
With theindustrially used solvent NMP as the benchméhktarget is to find better solvent

alternative that allow for a higher £Es purity and a lowereboilerheat duty under the given
operating conditionsFigure 3-4 shows the estimated process performance for hypothetical
molecules (in gray) and benchmark solvent NMP (in green). The hypothetical molecules are
closer to the ideal point than NMP, demonstratimag the molecular property targeting step

succeshllly identifies better solutions

8r Pareto-optimal solutions
(hypothetical molecules)

(=]
L]

L]
™ [ ]
° ‘ °
Real solvent
candidates

Predicted heat duty (MW)
.

N
T

Ideal

point

0.92 0.94 0.96 0.98 1-50
Predicted purity

Figure 3-4. Process performance estimated by the-detaen models for hypothetical molecules,
NMP, and real solvent candidates.

In the molecular mapping step, the hypothetical target molecules obtainethemolecular
property targeting are mapped into real solvents. The molecular mapping is performed by
searching a large database consisting of 1259 real sqlwdnth is derived from the Aspen

Plus component databa&ewith the exclusion of solvents used in the development of data
driven modelsA preliminary criterion to find the real solvents closest to the hypothetical target
molecules is based on the Euclidean distance in the molecular property space. Thereby, optimal

real solvents that approximate the optimal property values are identified.

Nineteen solvent candidates are obtained from the molecular mapping. Their estimated process
performance is also presentedHigure 3-4. It is observed that two solvent candidates are
closer to the ideal point than the hypothetical molecules. Therefore, they could in principle
show better process performance than the hypothetical mole&uesailed simulation of the

ED process on the 19 solvent candidates proves that 16 of them are technically viable to achieve
the separation of ££1/C4Hs. Among them, nine solvents preseetreasedeboilerheat duty

yet lower GHs purity compared to NMP under th@entical operating conditions. Besides,

22



3 Optimal Solvent Design for Extractive Distillation Processes

three solvents, methyl cyanoacetate, glutaronitrile, andityane2-butene (blue dotdom
bottom to topgn the green area &ligure 3-5), are better alternatives to the benchmark solvent
NMP, because they allow for a higher product purity and lower ergggyandunder the
specified operating conditiongertical and horizontal lines in green represent thtgs@urity

and heat dutgchieved byhe benchmarkolvent
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0.92 0.94 0.96 0.98 1-50
C4Hg purity

Figure 3-5. Process performance evaluated via rigoqmegessimulation.

Table 3-4. Molecular properties and the corresponding process performance of the solvents.

Solvent NMP Methyl cyanoacetat Glutaronitrile 1,4-Dicyano2-butene
CAS number 87250-4 105340 544138 1871538-3
Molecular formula CsHoNO CsHsNO; CsHesN2 CeHeN2

S 1.642 1.753 1.666 1.689

MW (g/mol) 99.13 99.09 94.12 106.13

r (kg/n®) 1027 1117 983 1002

Cp (J(mMoItK)) 161.7 192.5 191.0 200.9
mmPa-$ 1.89 2.82 6.17 7.13

XcaHg 0.9904 0.9965 0.9960 0.9972

Qeoc (MW) 5.059 4198 4.394 4761

For the three solvent candidates, their molecular properties and corresponding process
performance are summarizedTiable 3-4. These solvent candidates have similar molecular
properties (except for viscosity) to the benchmark solvent NMP. A correlation analysis
performed on the dataset indicates that a solvent with a higher selectivity at infinite dilution
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could lead to a highers8s purity. This can also be inferred frohable 3-4. All three solvent
candidats have higher selectivity and highesHg purity than NMP. Therefore, the infinite
dilution selectivity of the solvertan be consideredl vital propertyin designing solvents for

energyefficient separation of ¢Hg and GHe.
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4 Integrated Design of Solvents and Extractive

Distillation Processes

Chapter 3 present a datadriven CAMD approachocusng on the optimal solventdesign
under speciftdprocesperating conditionddowever, process optimizatiasinot considered
to identify the optimal operating conditions that maxinpeecess performance for the optimal
solvent. Therefore,in this chapterfwo datadriven CAMPD approachesre introducedo
integratemolecular and procestesign aimingto determineboth theoptimal moleculesand

theoperating conditionsimultaneously

In Section4.1, an efficient CAMPD approadk proposedor integratednolecular and process
designusingdatadriven modeling Datadriven processsurrogate aredeveloped to directly
estimatekey procesgperformance indicatotsased orsolvent properties and process operating
parametersSurrogatebasedoptimization isthenemployedto enhancegrocess performance
through which optimal solvent properties and corresponding process parameters are obtained.
Real solvents that approximate se@ptimal propeies are subsequently identified from a

large solvent databasEinally, the performance of the optimal solvent and corresponding

process parametersvalidatedby rigorousprocesssimulations.

To reduce data demand and impraveCAMPD efficiencyfurther, BayesCAMPDapproach

is proposedn Section4.2 for the integrated molecular and procelesign using Bayesian
optimization.This approach offera dataefficient and closedoop solution for datadriven
CAMPD, enabled by an iteratiyocesof datadriven modeling, moddbased optimization,

and solution validation. By inferring from observed data, BayesCAMPD continuously suggests

and validates promising molecular and process settings until convergence.

Both datadriven CAMPD approaches are illustrated by the separatiah3dbutadienel-
butene(CsHe/CsHs) using extractive distillationwhich is the same caseonsideredor the

datadriven CAMD approactasdiscussedn Chapter 3.

4.1 Data-driven integrated molecular and process design

In CAMPD, solvent physical properties and process parameters are optimized simultaneously

to maximize theoverall process performance. Taking advantage of the CoMT mE€thod
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discrete molecular decision variables are circumvented by defining a hypothetical molecule

that is represented by continuous parameters, i.e., molecular physical properties.

In a datadriven manner, process models are built to directly tiath solvent properties and
process parameters with their corresponding process perfornfégoee(4-1). Using such
models, the CAMPD problem can be efficiently solved to identify an ideal hypothetical solvent
(represented by a set of optimal properties) and the corresponding optimal process operating
conditions showing the highest process performance. dnbsequent step, the hypothetical
target molecule is mapped onto real solvewtsich is consistent with the molecular property
targeting and molecular mapping methods introducehapter 3. Data andcode for

implementing the datdriven CAMPD approacin this sectionare available in th&itHub

H 47
repository*’.
Molecule (Solvent) Process parameter Moleculgr.propgny Process P‘?"am‘?ter
(Input / Decision variable) (Input / Decision variable)
: e N
Extractive Distillation Procéss Evaluation
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—————-
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(product purity, energy consumption, etc.) (Output / Objective & Constraint)
S

Figure 4-1. Schematic diagram of dathiven integrated solvent and process design

4.1.1Data-driven process modeling

To enable CAMPD, datdriven process models are developed to estimate key process
indicators based on solvent properties and process operating conditions. In addition to the five
molecular properties introduced Bection 3.1, relative volatility at infinite dilution is
considered to characterize the difficultyretoveringsolvent in thesolvent recovery column
(SRO. Relative volatility between the solutee., GHe) and solvent at infinite dilutiona(’)

in the SRC reflects the separation efficiency in the sohezmverystep. The relative volatility

of C4He over the solvent at infinite dilution is expressed“s,

)
(S
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whereP? is saturated vapor pressure. It is calculated at 26 ts case

Therefore, a total of six molecular properties are considered in the CAMPD problem, including
selectivity at infinite dilution, relative volatility at infinite dilution, molar heat capacity,
molecular weight, density, and viscosity. In addition to theesulyproperties, seven process
parameters are considered in the CAMRDboth EDC and SRC, the number of stagés (

reflux ratio R), and operating pressurd®)(are considered key process parameters for
optimization, in addition to the solvetu-feed raio (SF). The solvento-feed ratio is a global
variable associated with the entire ED process, while other process parameters are local
variables involved either in the EDC or SR®us, in total 13 decision variables aomsidered

The number of stages is a discrete variable while other variables are continuous.

Datadriven process models are established for the EDC and SRC separately instead of the
entire ED process, because the computational cost of data generation and modeling increases
exponentially with the number of process parameters considered. The tatase&driven

process modeling contains inputitput pairs for 130 different solvents derived from the Aspen

Plus component databa&e For each solvent, the process performance is calculated under
different process parameters by rigorous process simulations in Aspen Plus based on the
UNIFAC thermodynamic model. By performing a full factorial design of computational
experiments (DoCE) ashown inTable 4-1, the EDC and SRC datasets are obtained,
containing ~560k and ~396k data points, respectively.

Table 4-1. Full factorial DoCEof process parameters for initedmpling.

Column Variable Considered levels Unit

EDC Neoc 40, 45, 50, 55, 60, 65, 70, 75, 80 T
Reoc 1,2,3,4,5,6,7,8,9,10 T
Peoc 3.5,4.0,45,5.0,55,6.0 bar
S/F 1,2,3,4,5/6,7,8 T

SRC Nsrc 8, 10,12, 14, 16, 18, 20 T
Rsre 0.2,04,06,0.8,10,1.2,14,16,1.8, i
Psrc 3.5,4.0,45,5.0,55,6.0 bar
S/F 1,2,3,4,5/6,7,8 T
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As process models are built for EDC and SRC separately, the inputs include six properties of
thesolvent and four process paramet&SR, P, andSF). The outputs are the key performance
indicators of the ED process, including product purityHg&purity in the EDC distillate and

C4Hs purity in the SRC distillate, denoted Rysns andxcane) and energylemanddescribed

by the reboiler heat duty of the EDC and SREsc andQsrc). Thus, four datalriven process

models need to be trained to evaluate the process performance from the solvent properties and
process parameter$he feedforward neural network (FNN) is used to build -diateen

process models using PyTotth Each of the datasets is randomly split into two subsets, i.e.,

a training se{80%)for model development and a test &%) for evaluation.

To determine the optimal FNN architectures for efigen process models, fivfeld cross
validation is performed to optimize modelated hyperparameters using the training data.
Hyperparameters considered for optimization and their correspondingopt®provided in
Table 4-2. To constrain model complexity and reduce overfitting, the FNN has up to two
hidden layers with a maximum of 24 neurons in each |dy#ferent types of nodinear

activation functions are considered, including ELU, Sigmoid, Softplus, and*fanh.

Table 4-2. Hyperparameters and corresponding optionfjmerparameter optimization.

Hyperparameter Options

The number of hidden layersly) 1,2
The number of neurons in each hidden lajes) [8, 24]

Activation function ELU, Sigmoid, Softplus, Tanl

Table 4-3. Optimal hyperparameter settings.

Model Nu. Nnn  Activation function

Xcans 2 14 Softplus

Qenc 1 13 ELU
XcaH6 1 14 SIngId
Qsrc 2 22 Softplus

By minimizing the average prediction errors on the validation data irivedold cross

validation, the optimal hyperparameter settings are determiradae(4-3).
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Using the optimal FNN architectures, process models are develoibdithe training data and
evaluated with the test data. It takes 30 minutes to complete the training of these process models
for Xcans, Xcans, Qenc, andQsrc All models present high accuracy on both training and test
data Figure 4-2 andFigure 4-3), enabling accurate estimations of the process performance
given molecular properties of the solvent and process parameters. The distribution of data in
Figure 4-2 andFigure 4-3 is indicated by colors where red and blue represent high and low

densities of data points, respectively.

4.1.2Model-based optimization and solvent mapping
Based on the dat@driven process models, a muidtibjective optimization problenthataimsto
minimize the total number of distillation stages and the total heatidd@itymulated to identify
the optimal solvent properties and process parameters.
i rJ]ETU 0 hQ «o»w "Q «mw
s.it. "Q v TOwU

"Q v T wvu

wheref is the developed datdriven modely andz denote the solvent property and process
parameter spaces, respectivend L and U denote the lower and upper bounds. Box
constraints are set on each variable based on their corresponding minimum and maximum
values from the datasé&mong all the decision variables involved in the CAMPD, the number

of stages (i.e Neoc andNsrc) is a discrete variable while the others are continuous variables.

The lower and upper bounds of the decision variablesuanenarizedn Table 4-4.

The multiobjective optimization problem is solved using the NSIBA® implemented in
Pymod“, where a rounding operator is applied for discrete variables. With a population size
of 1000, it terminates at the 10@eration reaching the maximal number of evaluations. This
generates a set of Paraiptimal solutions consisting of optimal hypothetical molecules
(represented by solvent properties) and corresponding process parargtees4-4 depicts

the objective function values for the optimal solutions. As two objective functions are defined
based on the total number of distillation stages and the total reboiler heat duiyparmin

normalization and -score normalization are respectively bgg to them so that their
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magnitudes are comparable. Such an integrated design problem is solved within one minute,
indicating that the datdriven modeling approach can substantially reduce the optimization

complexity and enable efficient CAMPD.

Table 4-4. Upperandlower bounds of decisiomariables involved in the CAMPD

Variable Symbol  Unit Lower bound Upper bound
Selectivity at infinite dilution s T 0.907 1.642
Relative volatility at infinite dilution logio(a®) T 1.326 5.944
Molar heat capacity Co J/(mol-K) 125.9 413.0
Molecular weight MW g/mol 70.09 200.32
Density r kg/m? 712 1182
Viscosity m mPa-s 0.34 2.47
Number of stages in the EDC Nebc T 40 80
Reflux ratio of the EDC Repc T 1.00 10.00
Operating pressure of the EDC Pepc bar 3.50 6.00
Number of stages in tHeRC Nsrc T 8 20
Reflux ratio of the SRC Rsrc T 0.20 2.00
Operating pressure of the SRC Psrc bar 3.50 6.00
Solventto-feed ratio S/F i 1.00 8.00
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Figure 4-4. Multi-objective optimizatiomesults forthe CAMPD
In the followup step, the obtained hypothetical target molecules (Pareto solutions

characterized by a set of optimal properties for each solution) are mapped onto real solvents.

Such solvent mapping is performed by searching a large database consisf#4§ sblvents,

31



4 Integrated Design of Solvents and Extractive Distillation Processes

which is derived from the Aspen Plus component dataffaséh the exclusion of solvents
used in thedevelopment of datdriven modeb. The identification of real solvents closest to
the hypothetical target molecules is based on the Euclidean distance in the molecular property

space scaled byscore normalization.
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Figure 4-5. Pareto front obtained in the mutibjective process optimization for the solvents
identifiedby CAMPD.

After searching for the optimal real solvents to match the hypothetical molecules, nine solvent
candidates are obtained. To find their corresponding optimal process parameters, process
optimization is performed for each solvent based on thediatan pracess modelsin the
optimization, the molecular properties dpeed, and the process parameters are regarded as
decision variabled-or seven solvents, the process optimization successfully generates Pareto
optimal solutions that potentially satisfy therpy specifications Kigure 4-5). For the other

two solvents, the process optimization fails to give any solution because of the insufficient
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separation capability of thsolvent, or the high energy demand required for the studied

separation task.

Rigorous simulations of the ED process are performed for these seven solvents to evaluate their
actual process performance. Compared to the process simulation, it is found that the developed
models generally underestimate the product purity and slighttyestimate the heat duty
(Figure 4-6). In terms of 2,3utanedione, it cannot satisfy the purity specifications asiHe C

purity of the EDC distillate is lower than 99.5%iqure 4-6C). Although some solutions in

the methyl acetoacetate case can approach the purity specifications, the required energy
demand for the ED process fslatively high (Figure 4-6D). Acetylacetoneand acetic
anhydride(Figure 4-6A andE) are considered suitable candidates as high product purity and

low energy demandanbe simultaneously achieved.
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Figure 4-6. Process performance estimated by the -dsiteen models and evaluated via rigorous
simulations for the solvents identifidgy CAMPD.
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4.1.3Comparison andanalysis

To benchmarkhe performance of identified optimal solverisinethyl2-pyrrolidone (NMP)

is used as a reference solvent since it is commercially used in butadiene extraction ptcesses.
140 The optimal process parametefsr NMP are obtained by da@riven modeling and
surrogatebasedptimization andthereforesuchanNMP-basedcED proces€an beconsidered

asa benchmark for theatadrivenCAMPD. First,datasets for the EDC and SRC are generated
through rigorous process simulation in Aspen Plus based on the UNIFAC thermodynamic
model The process performance is evaluated under different process parameters generated by
theDoCEshown inTable 4-1. After removingsimulation data with errorshé EDC and SRC
datasets contain 4312 and 2036 data points, respectively. Considerind-NiNe
hyperparameters listed ifable 4-5, the optimal settingsT@ble 4-6) are determined using

five-fold crossvalidation.

Table 4-5. Hyperparameters and corresponding optfonfiyperparameter optimization.

Hyperparameter Options

The number of hidden layersl{.) 1,2
The number of neurons in each hidden laj}ek) [1, 16]

Activation function ELU, Sigmoid, Softplus, Tanl

Table 4-6. Optimal hyperparameter settings.

Model Nu. Nun  Activation function

Xc4Hs 2 10 Tanh

Qenc 2 11 ELU
Xc4He 2 9 Tanh
Qsrc 2 15 ELU

Giventhe optimal hyperparameter settings, surrogates for the ED ptbe¢sse NMP as the
solventare establishedith the training data. All models show sufficiently high accuracy on
both training and test datkigure 4-7), indicating their strong applicability.
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Based on the dat@driven process models, a mudibjective optimization problem is formulated

to identify the optimal process parametensthe NMP-basedED process

I ETO 0 hQ v Q

wheref is the developed datiriven model, andz is the process parameter spatbe
constraints on the product purgyeslightly relaxed because of the difficultiescountereéh

identifying feasible solutions.

The multiobjective optimization problem is solved usitige NSGA-11* implemented in
Pymod“, where a rounding operator is applied for discrete variables. It converges in 205
iterations with a population size of 100, obtaining a set of Pagimal solutions (i.e., optimal
process parametersjigure 4-8 depicts the objective function values for the Nlddsed ED

process under the optimal process parameters.
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Figure 4-8. Multi-objective optimizatiomesults forthe NMP-basedED process.

Subsequently, a detailed simulation of thikIP-basedED process is performed under the
optimal process parameters obtained from the surrdigestied process optimization. Compared
to the process simulation, the developed models accurately estimate the heshehetys

slightly undeestimae the product purityKigure 4-9).
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Figure 4-9. Process performance estimated by the-diaitgen models and evaluated via rigorous

simulations for theNMP-basedED process.

The process parameters showing the best process performance in the dataset are regarded a:
the reference. Compared to the reference process, the optimal ED process obtained from the
surrogatebased process optimization reduces the total heat duty by ZTé@2€nergysaving

is not significant because the reference process is already approaching the global optimum. The
optimal process parameters and corresponding process performance for the reference and
optimal ED process are provided Trable 4-7. Such an optimal NM#ased ED process
obtained from the surrogab@sed process optimization is further considered a benchmark for

the datadriven CAMPD.
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Table 4-7. Optimal process parameters and corresponding process performance.

Reference proces Optimal process

Process parameter Nepc 75 80
Reoc 4.00 5.99
Peoc 3.50 3.50
Nsrc 12 12
Rsrc 0.60 0.60
Psrc 3.50 3.50
SIF 3.00 2.48

Process performanc Xcams 0.9955 0.9956
Qepc 16.66 16.87
Xcane 0.9954 0.9955
Qsre 12.85 11.85
Qn 29.51 28.72

For each of the seven solvents identified by the-daten CAMPD, itsoptimal solution is
extracted for comparison, as showirigure 4-10. Theregion in greemdicates that the purity
constraint of 0.995 is satisfiel.is observed that two solvent candidates (acetylacetone and
acetic anhydride) show lower heat duty than the benchmark solvent NMP while satisfying
purity specifications. The other five solvents either show a higher heat duty or are unable to

satisfy thepurity requirements.
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Figure 4-10. Procesperformanceof theidentified optimal solvent candidates
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The physical properties of the two solvesatndidats, optimal process parameters, and the
corresponding process performance are summarizé@abie 4-8. For better reference, the
values for NMP are included as wellhe two solvent candidates have similar molecular
properties with NMP (except relative volatility and viscosity). It can be found that for the
solvent showing a high selectivity, a low solvoifeed ratio(SF) and a high reflux ratin

the EDC(Repc) are generally required to satisfy the purity specifications. On average, the two
solvents identified from CAMPD can reduce the overall heat (@Y of the ED process by
5.42% compared to the benchmark.

Table 4-8. Molecularproperties of NMP and two candidate solvents, optimal process parameters, and
the corresponding process performance

Benchmark Candidatel Candidate?

Solvent Name NMP Acetylacetone Acetic anhydride
CAS number 872504 123546 108-24-7
Molecular formula CsHgNO CsHgO2 C4HeO3
Solvent property s 1.642 1.473 1.701
logu(a®) 3.664 2.012 2.344
Gy 161.7 163.2 160.9
MW 99.13 100.12 102.09
r 1027 969 1074
m 1.89 0.76 0.84
Process parameter Nepc 80 79 69
Repc 5.99 9.29 9.87
Peoc 3.50 3.50 3.50
Nsrc 12 8 10
Rsrc 0.60 1.38 0.95
Psrc 3.50 3.50 3.50
S/F 2.48 2.13 1.99
Process performanc Xcaws 0.9956 0.9965 0.9952
Qenc 16.87 18.27 18.11
XcaHe 0.9955 0.9963 0.9952
Qsrc 11.85 9.30 8.65
Qn 28.72 27.57 26.76
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4.2 Data-driven integrated molecular and process desiguosing
Bayesian optimization

Section4.1demonstratethat the ED process can be accurately approximated in-ac\ata
manney and the datalriven CAMPD approach can efficiently identify the optimal solvents
and process operating conditiotts reduce energy demand. However, such a-diaan
approachinvolves substantial computational codtsr data generatigrwhich is requiredo
develop sufficiently accurate models for the sysbmimginvestigaed This can bea notable
drawback forits applicatiors. To reduce data demand amuprove the efficiency of the
proposeddatadriven CAMPD approach a Bayesian optimizatichased métod, called
BayesCAMPD is introducedin this section In BayesCAMPD, closetbop optimization is
accomplishedby integrating datariven modeling, moddbased optimization, and solution
validation This iterative processanreduce the data demand for accurate surrogate modeling,
leading to more efficient optimizatiorin this section, a key improvement in dalaen
modeling is that surrogate models are built for the entire ED process, rather than for two
separate columns. This is made possible by theafitéent Bayesian optimization, which

allows for accurate modeling with reduced data demand.

BayesCAMPD is performed to simultaneously identify optimal solvent and process parameters
to maximize the performance of the ED process. The search space is defined by both molecular
and process variables. Molecular variables are molecular propertiedimgckelectivity at

infinite dilution (§), molar heat capacityCg) and heat blky). Nhey@mrer i z a
calculated at 25 °C and 1 bar and used to represent molecular variables in surrogate modeling.
The property design space (upper and lower bgyuisdlefined by the corresponding maximum

and minimum property values of 1563 solvedtyived from the Aspen Plus component
databas¥? Processelated variables includée number of stages\j, reflux ratio R), and
operating pressureP) for both extractive distillation column (EDC) and solvent recovery
column (SRC), along with the solvetatfeed ratio §F) for the entire ED proces$hedesign

space is kept the sameiasSection4.1 In summary, three molecular variablé&s,(Cp, and

gHvap and seven process variablé¥efc, Repc, Pepc, Nsre, Rsrc, Psrc, and SF) are
considered. Among all the decision variables, the number of stagedNébe.and Nsrc) is

discrete while the others are continuous varialilable 4-9 lists the upper and lower bounds

for all decision variables considered in the CAMPD.
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Table 4-9. Upper and lower bounds of decision variables considered in the CAMPD.

Variable Symbol Unit Lower bound Upper bound
Selectivity at infinite dilution & T 0.01 456.12
Molar heat capacity Co J/(mol-K) 19.21 1853.12
Heat of vaporization oHvap  kJ/mol 19.95 258.08
Number of stages in the EDC Nepc T 40 80
Reflux ratio of the EDC Reoc i 1.00 10.00
Operating pressure of the EC Pepc bar 3.50 6.00
Number of stages in the SRC Ngsgrc T 8 20
Reflux ratio of the SRC Rsrc i 0.20 2.00
Operating pressure of the SR Psrc bar 3.50 6.00
Solventto-feed ratio S/F i 1.00 8.00

4.2.1BayesCAMPDworkflow
Figure 4-11illustrates the BayesCAMPD workflow, which mainly involves four phases and

is described as follows.
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Figure 4-11. Schematic diagraraf the BayesCAMPD workflow.

Phase 1:Initialization. BayesCAMPDstartswith an initial dataset of labeled data. Process
parameters are generated using Latin hypercube sampling (LHS) and solvents are randomly
selected from the solvent list, forming pairs of solvents and process parameters as the initial
samples. Subsequentfyrocess performance in terms of product purity and reboiler heat duty

is obtained as sample labels by rigorous simulation in Aspen Plus using the UNIFAC
thermodynamic model. It should be noted that process performance data may not be available

for some smples due to convergence issues encountered in process simulation. Under this
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situation, additional pairs of solvent and process parameters are generated for process

simulation using random samplingntil enoughinitial labeled samples are collected.

Phase 2:Data-driven modeling Using the collected data, surrogate models are developed to
quickly estimate process performance based on solvent properties and process parameters.
Given the capability for uncertainty estimation and efficianith small datasetshe Gaussian

process is used for surrogate modeling. It is implemented with $eikit*® usinga squared
exponential kernel as the covariance functioiscdre normalization is applied to the output

data. Additionally, prior to surrogate modeling, data transformation is performed to convert
purities into real numbers using the logit function. Accagtlininverse transformation is
performed for purity prediction. This guarantees that the predicted product purity always falls

into the range between 0 and 1.

Phase 3:Modelbased optimizationin Bayesian optimization, an acquisition function is used

to guide the navigation over the search space to identify promising solutions. Expected
improvement is a commonly used acquisition function that evaluates the expected amount of
improvement in the@bjective function, which is calculated using mean and standard deviation
values estimated by the surrogate model of the objective function. To find the optimal solution,
optimization is performed to maximize the expedtegrovement. Consequently, the optimal
solvent properties and process parameters that have the potential to minimize the objective
function (e.g., energgemandl while satisfying constraints (e.g., product purity) are identified.
Considering the complexity of such a mixetleger nonlinear optimization problem, it is
solved using the differential evolution algorithm implemented in Sé¥PyAs a result, an
optimal hypothetical molecule described by solvent properties and the corresponding optimal
process parameters are simultaneously determined. In a {foflostep, the obtained
hypothetical molecule is mapped onto real solvents by mimigizs Euclidean distance to the
hypothetical target molecule in the property space. The above stochastic optimization is
performed five times and consequentiiye pairs of solvent and process parameters are
suggested as promising solutions for furthalidation. The abowvdescribed optimization

problem is formulated as follows:
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whereEl is the acquisition function (i.e., expected improvement of the CAMPD objective
function) andy is the surrogate model for purity constraynéndz denote solvent propgrand
process parametespaces respectively;L and U represent the lower and upper bounds,
respectively.

Phase 4: Solution validation For the suggested candidate solutions, rigorous process

simulation is performed to evaluate their performance. Promising solvent and process
parameters are identified if the solution is validated to present improved objective function
value while satisfyng purity constraints. Lastly, the closkmbp BayesCAMPD workflow

continues by incorporating these newly labeled samples and updating the iz 2.

An early stopping criterion with a patience of 20 iterations is employed. Specifically, the entire
workflow terminates if the objective function of suggested solutions shows no improvement in
20 consecutive iterations. It is worth noting that issues meg aver iterations in two
circumstances(i) the optimization inrPhase 3fails to find a feasible solution satisfying the
constraints, andii) the validation inPhase 4fails due to the convergencssuesin process
simulation. In both circumstances, B&CAMPD cannot gain new knowledge about the
process. Therefore, extra sampling and labeling are performed to obtain 10 additional labeled
samples to augment the dataset. In short, BayesCAMPD continuously proposes and validates
promising solvents and prosggarameters until the entire workflow terminates. Data and code
for implementing the BayesCAMPD approaichthis sectionare available in the GitHub
repository°L,

Figure 4-12 illustrates the differences betweeihe BayesCAMPD approach aiide data

driven CAMPD approachntroduced inSection 4.1 (denotedas OneshotCAMPD)The
OneshotCAMPD approach can be considered a conventionad\za roue whereCAMPD

is performed in a onshot manner without Bayesian optimizatioruri®gate models are
usually constructed using a relatively large dataset, followed by rhadeld optimization to
maximize process performance. Process simulations are conducted to validate process

performance and consequentigentify the optimal solutionAlthough theBayesCAMPD
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approachadopts the same modeliogtimizationvalidation strategyijt is conductedin a
closedloop manner. Starting with a relatively small dataset, it continuously enlarges the dataset
and updates the model with new samples acquired from sequential optimization and validation.
In addition, the surrogate model should be able to estimadiction uncertainty, which is
crucial for considering explorexploit tradeoffsn searching for optimal solutions. Overall, the
OneshotCAMPD has a highdata demandtaccurately approximate the system, which poses
the
BayesCAMPD has a significantly lower data demand, whereas increased computational

a huge challenge to high dimensional and complex problems. In comparison,

resources are necessary for repeated modetid@atimization.

OneshotCAMPD
L - + One-shot modeling and
= _’ ': Q@ —— o optimization
— High data demand
Labeled Modelin Optimization New Process 0pt|mal . L
data g P samples simulation solution  — Post-hoc solution validation
BayesCAMPD
—— ( Process simulation ) _—l
oI —=—f—_ &
Initial _—| ©® Optimal  — Repeated modeling and
samples New r:_ _ = |! Labeled | solution optimization
ETEIE 9 B‘?Ve_'s'ar' SEE + Low data demand
Optimization - . R
+ Built-in solution validation and
=z iterative model calibration
\_ Optlmlzatmn Modeling )

Figure 4-12. Comparison betweethe OneshotCAMPD and BayesCAMPD workflows.

4.2.2BayesCAMPD performance

For simplicity, the reboiler heat duty@w) of the entire ED process is used to describe the

energydemand Taking different sizes of initial samples into account, BlaggesCAMPD is

performed to minimize the objective function@. As different initial datasets are collected,

BayesCAMPD has different starting points and consequetitly optimization can vary

significantly. The optimal solvent and process parameters featuring minirQigedre

identified when the BayesCAMPD workflow terminatés. shown inFigure 4-13A, six aut

of eight cases achieve improved performaficEt ar t 0

observat.

on in

t he i

ni

ti al

and

AEndOo

dat aset and t

points are absent, indicating that the BayesCAMPD fails to identify feasible solutions.

Compared to their corresponding initial best observation, these six cases d@grepd®.11

MW on average.
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Furthermore, the computational costs associated with labeling, modeling, and optimization for
each case are displayedrigure 4-13B. Initial labeling corresponds to the process simulation
performed to collect the initial labeled dataset, while extra labeling refers to the process
simulation performed for extra sampling and solution validation. Modeling cost is directly
related to thenodel development using Gaussian processes, and optimization cost accounts for
the identification of optimal solutions based on established surrogate models. The cost of initial
labeling increases with the size of initial samples, while the cost of mgaeiohoptimization
depends on the number of iterations executetherBayesCAMPD. This explains the less
computational time for the cases with 256 and 896 initial samples, which only undergo 20
iterations. Due to the small dataset and high modeling efitgi, the labeling and modeling

costs are insignificant compared to the optimization cost.
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Figure 4-13. Performance of BayesCAMPD starting with different sizes of initial samples: (A)
process performance representedayand (B) computational costs associated with labeling,

modeling, and optimization.

The CAMPD problem with constraints on product purity has a high complexity, which poses
a substantial challenge for BayesCAMPD to obtain practically feasible solutionsnieidstt

based optimization should be able to obtBeasible solutions satisfying the constraints.
Different numbers of iterations executed in BayesCAMPD lead to a varying number of
optimization attempts (1 iteration includes 5 optimization attempts, orange cirdtegune

4-14A). For the eight cases considered, an optimization success rate of 42.9% is achieved on
average (blue bars Figure 4-14B), which demonstrates the complexity of such a constrained

optimization task. Second, the suggested solution should be able to be validated by process
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simulation. The number of converged simulations is presentédyure 4-14A with green
squares, and a simulation success rate of 53.0% is achieved on average (gredfidpaes in
4-14B). Overall, the above low success rates indicate difficultiégeding feasible solutions.

Lastly, the validated feasible solution can be considered as an optimal solution provided that it
presents a lower objective function value while satisfypngduct purity specificatias Al

three aspects demonstrate the challenge of BayesCAMPD, as failures can take place at every
step. This is evident in the two cases starting with 256 and 896 initial samples, where
BayesCAMPD fails to obtain promising solutions within 20 iteratidngure 4-13).

400 "(A)

Optimization attempt
A Optimization success
O Simulation success

(B) N Optimization success rate
80 B Simulation success rate

Frequency
= [\S] W
o o o
o o (=]

o

100

Percentage

128 256 384 512 640 768 896 1024
Initial sample size

Figure 4-14. Analysis of optimizations and simulations within the BayesCAMPD starting with
different sizes of initial samples: (A) number of total optimization attempts, optimization successes,

and simulation successes, and (B) success rates of optimizations anti@iswla

Therefore, BayesCAMPD is rerun for the two cases afitigherpatience of stopping criterion
increased from 20 to 30 iterations. As it turns out, both cases successfully ifiessityle
solutions, leading to an average decrease of 5.34 MYM compared to their respective initial

best observationsF{gure 4-15). However, this improvement comes with an increase in
computational cost This supplementary investigation underscores thgtallowing for a
higher patience in the stopping criterion, feasible solutions with improved performance can be

obtained at the expense of increased computational cost
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Figure 4-15. Performance athe BayesCAMPD with a patience of 30 in the stopping criterion: (A)
process performance representeddyand (B) computational costs.

The results of theix successfuBayesCAMPD executions are listedTiable 4-10 with their
validated process performance. Chemical formula, CAS number, and molecular properties of

each solvent are provided Trable 4-11.

Table 4-10. Optimal solvents and process parameters identified by BayesCAMPD.

Optimal process parameter

Initial Optimal solvent Qn
sample size Neoe  Repc Peoc Nsre  Rerc Psre g (MW)
(bar) (bar)

128 o-Nitroanisole 50 10.00 4.15 17 0.40 5.62 186 29.45
384 Ethylene glycol 73 1.02 465 11 053 3.53 1.00 10.74
512 Glycolaldehyde 79 9.08 6.00 8 179 434 341 3186
640 Glycolaldehyde 73 7.17 6.00 16 0.20 350 3.90 2851
768 Ethylene glycol 71 10.00 6.00 20 154 4.46 1.00 23.87
1024 Acetic anhydride 70 3.19 3.58 13 1.87 353 2.68 2192

Among the six successful cases, the one starting with 384 initial samples obtains the best
procesgperformance, where ethylene glycol is identified as the optimal solvent. For this case,
details of the BayesCAMPD performance are further illustrated. The BayesCAMPD executes
46 iterations, with several improvements in process performance observed®agthe, 5",

157, 18" and 28 iterations. The best solution is found at th& #&ration, decreasin@x

down to 10.74 MW Figure 4-16A). Feasible solutions refer to candidate solutions suggested
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by optimization that are successfully validated via process simulation and satisfy purity
constraints, while infeasible solutions are those violating the purity constraints. The green step
line depicts the changes @x of the best observationshe \alidated product purity of all the
candidate solutions is presentedrigure 4-16C-D.

Table 4-11. Information on the ptimal solvents identified by BayesCAMPD.

Solvent Chemical formula CAS number S Co (J/(mol-K)) oHvap (kI/moal)
o-Nitroanisole  C7H;NOs 91-236 2.779 120.7 73.67
Ethylene glycol C;HsO> 107-21-1 6.896 148.4 67.22
Glycolaldehyde C;H40O; 141-46-8 1511 159.3 62.85
Acetic anhydride C4HsOs 108-24-7 1.701 160.9 47.07
i - o 1.0 —W =) (v o RON™)
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.. 091 o
2 " 5
= o iessie souten | 3 08
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Figure 4-16. Performance of BayesCAMPD starting with 384 initial samples: (A) process
performance of candidate solutions represente@hyB) accumulated computational costs, (C)

C4Hs purities of solutions, and (D).8e purities of solutions.

As shownin Figure 4-16A, although lots of feasible solutions are identified, most of them
present slightly highe@w values than their current best observations. After executing for 20
iterations without any further improvement (from iteration 27 to iteration 46), the stopping
criterion is satisfied and BayesCAMPD terminates at tH&i#Bation. As shown irFigure
4-16B, the case starting with 384 initial samples takes approximately 4 hours, with the
optimization cost accounting for the majority. Tdwest fordatadriven modeling is negligible

due to the high efficiency of Gaussian processes on small datasets.
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As ethylene glycohas beendentified as the optimal solverityrther process optimization is
performed to refine its optimal process parameters. For this purpose, BayesCAMPD has a
smaller search space as moleculi@cision variablesare constant The optimal process
parameters are determined by BayesCAMPD approach witthe identical modeling

optimizationvalidation procedure.

Taking different sizes of initial samples into account, the BayesCAMPD is performed to
minimize the objective function &n. Excluding the case starting with 1024 initial samples,
the remaining ones fail to identify feasible solutions presenting improved process performance
while satisfying purity constraintgigure 4-17).
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Figure 4-17. Performance of BayesCAMPD for process optimization starting with different sizes of
initial samples: (A) process performance representeg-lgnd (B) computational costs.

For the case using 1024 initial samples, it obtains the optimal solution &t iteeadion and
terminates at the $4iteration Figure 4-18). Although feasible solutions satisfying purity
constraints are obtained at tHed&nd 11" iterations, they fail to achieve an improved process
performance. As a result, BayesCAMPD successfully determines the optimal process
parameters and reduces the heat duty further to 10.33 MW, representing a further decrease of
3.8%onthe objective function. It runs for 24 iterations with approximately 1.5 hBuogess
parameters and corresponding process performance of both solutions identified by CAMPD

and process optimization are provided able 4-12.
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Figure 4-18. (A) Process performance of candidate solutions represent@d, §B) accumulated
computational costsf the BayesCAMPD(C) GHs purity of solutions, and (D) s purity of

solutions.

Table 4-12. Optimal process parameters determined by CAMPDpaodess optimizatian

Optimal process parameter Process performance
Method

Neoc Reoc Pepc Nsrc Rsrc Psre S/IF Qu (MW)  Xcans  Xcaws
CAMPD 73 1.02 4.65 11 0.53 3.53 1.00 10.74 1.0000 0.9998
Process 62 1.00 538 11 0.20 3.50 1.00 10.33 1.0000 0.9993
optimization

4.2.3Comparison and analysis

For comparison, the CAMPD is performading theOneshotCAMPDapproachTo ensure
consistency, the Gaussian process is used forddaten modeling, as implemented in the
BayesCAMPD approaclBased on the established surrogate mddelthe entire ED process
optimization is performed to minimize the objective function, and promising solutions are

suggested for postoc validation.

Due to the onshot characteristecof modeling and optimizatignthe OneshotCAMPD
approach typically requires far more amount of initial data to accurately approximate the
systemacrossthe full search spacdn addition to the eight sample sizes investigated for
BayesCAMPD (i.e., ranging from 128 to 1024), six larger sizes ranging from 1536 to 4096 are
also consideredlo increase the probability of identifying practically feasible soluti@@s,

stochastic optimization attempts are performed in Oneshot€lAM\s a result, éasible
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solutions are obtained in 8 out of the in total 14 cases, presenting a deQeasaée of 1.48

MW on averageKigure 4-19A). Therefore, the OneshotCAMPD approach can improve the
process performance in an ogenp manner, which has also been demonstrat&eation

4.1 However, the improvement is very limited compared to that achieved by the
BayesCAMPD. As OneshotCAMPD exploits, rather than explores, the search space, the
optimization prefers a local search around the best observation to obtain better solutions.
Therebre, a good starting point (i.e good sample in the initial dataset) is crucial to obtain
promising solutionsising theOneshotCAMPDapproach
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Figure 4-19. Performance of OneshotCAMPD starting with different sizes of initial samples: (A)
process performance representedyand (B) computational costs associated with labeling,

modeling, and optimization.

In general, the computational cost of OneshotCAMPD increases with the size of initial samples
(Figure 4-19B), whereas itiis lower than that of the BayesCAMPD due to the avoidance of
repeated modeling and optimizatidweverthelessthe BayesCAMPD approach can achieve
significantly better performance at an affordable computational, coffering a
computationally efficiensolutionfor datadriven CAMPD tasks.
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5 Accelerated Screening of Metarganic Frameworks for Pressure Swing Adsorption

5 Accelerated Screening oMetal-Organic Frameworks

for Pressure Swing Adsorption

In this chapterdatadriven approaches aiatroducedto expeditethe screeningof metal

organic frameworks (MOFs$dr gas separatioapplications

In Section5.1, an endto-endmachine learningML) methodintegrating feature learnings
proposedto predict adsorption capacitgf MOFs By combining feature embedding and
molecular graph convolutiothis approach learns botihhemical and geometrfeaturesrom
MOF building blockswhicharesubsequently usdd correlateMOF adsorption capacit§guch

ML modek can accurately and efficientgtimate the adsorption capacity of MOFs from their

structures, accelerating thescoveryof MOFswith high selectivityfor gas separation.

In Section 5.2, an interpretableML method that combines feature engineering with
straightforward treetructuremodes is introduced topredict the adsorptionpreference of
MOFs. Using different feature engineering methaasmericaldescriptoror fingerprintsthat
characterize MOF structures aoalculatedand subsequently used to correlate MG
adsorption preferenc&such ML models can provide interpretataied easyto-understand
insights into themo d ededis®nmaking thereby facilitatingthe discovery of MOFsvith

specificadsorption preferences for gas separation.

Both approaches for MOBcreeningare illustrated by the separation ethylene/ethane
(C2H4/C2He), asintroduced inAppendix B.

5.1 MOF screening using eneo-end ML models

5.1.1Computational details

MOF dataset

The hypothetical MOF (hMOF) databasensists 0f137,953 MOFstructura, constructed
from a library of 102 building blockserived fromknown MOF structures® To make this
database machineadableseveral actions are undertakerextract building blocks, identify
topologies, and analyrmy chemical informationof the MOF structuresfrom ther
crystallographic information file¢CIFs). First, the MOF structures aréranslatedinto the
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MOFid and MOFkey identifiersising the algorithm developed by Bucior et®8INext, the
building blocks and underlying topological netwodftshe MOF structuresre extracted from
theseidentifiers Finally, data cleaning is performed to refine the MOF databHse data

cleaningsteps are as follows:

(1) RemoveMOFs sharing duplicate MOFkey to ensure uniquenessjlting in45,254
remainingMOFs

(2) RemoveMOFs with incomplete MOFkey to ensure that both the chemical information
and topology have been successfully identifregulting in39,676remainingMOFs

(3) RemoveMOFs with invalid organic linker moleculessulting in33,480 MOFs

(4) Retainonly MOFs consisting of at most two types of organic linkers to restngetural

complexity,resulting in9156 MOFs.

These 9156 MOFRswith identified chemical and topological informatjcare subsequently

employedor molecularsimulation and modealevelopment

Molecular Simulation

Data iscrucialto discoverrelationships between material structures and their proetssant
propertiesWhile experimentallata is always preferred for predictive modeliiigs often
scattered andcarce In this context, the grand canonical Monte Carlo (GCMC) simulation is
recognized as a powerful tool fMOF discovery,due toits high efficiency in simulating the

adsorptiorcapacityof MOFs with satisfying accuracy*1°®

To evaluate the dsorption capacity of MOFs GCMC simulatiols are performedusing
RASPA8, Each simulatiomcludes5000 equilibration cyclegollowed by 20,00@roduction
cycles Interactions between ndionded atoms are modeled by the Lensikmdes (LJ)
potentiat®” with a cutoff distance of 12 A. The LJ parameterdtiierrelevanMOF atoms are
taken from the DREIDIN&® and UniversaP®forcefields The LJ parameters between atoms
of different types are calculated using the LordBe¢zthelot mixing rule. The number of unit
cells is adjusted so that each dimension of the simulation cell is at least twice the cutoff distance.
Ethane and ethylene molecuka® modeled using the united atom model ofTttensferable
Potentials for Phase Equilibri@raPPE) force fieltf’, wherethe twosite LJ potentidf'-162
describe both molecules. For severdnown MOFs, a good agreement between GCMC
simulation resultsand experimental measurements fréime literature® 163166 js observed

(Figure 5-1), confirming the reliability othe configurationsused in theGCMC simulations.
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In addition, MOFgeometric propertiesuch assoid fraction and surface areae computed

usingRASPA® while pore diameterarecalculatedwith Zeo++¢’.
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Figure 5-1. Comparison between experimental and GCMC simulated stagigonent ¢H, and
CoHs uptakes at 1 bar (296 K for MGBD5%% and UTSA203 298 K for MgMOF-74*%*and ZIF
7%, 303 K for ZIF8%5, and 316 K for MAF49'69),

With theadsorption capacitgbtained from GCMC simulations, performance metrics such as
deliverable capacity and selectivity can be calculated. The deliverable cdpddgydefined

as the difference between the uptakes at adsorption and desorption conditions, and the
selectivitySis a key metric indicating the efficacy of an adsorbent for gas separation.

. 0 _w
Yy 7
U W

wherei andj are indexes of gas speciégjs the uptake of the gas spedigandy; is the mole

fraction of gas in the bulk phase.

Neural Network Architecture

An integratecheural networlarchitecture is proposed &xtractboth chemical and geometric
information of MOFstructuresand toestimage adsorption capacifyasillustratedin Figure 5-2.

After decomposing MOF structures inteetal nodes and organic linkers, chemical features are
extracted by feature embedding and molecular graph convqluéspectively Meanwhile
geometric features incluty embeddedtopology information and five key geometric
properties (i.e., void fraction, pore limiting diameter, largest cavity diameter, and volumetric
and gravimetric surface areasg captured-inally, thesechemical and geometric features are

combinedo predictadsorption capacity
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Figure 5-2. Schematic diagram of the proposed ML framework.

In the featurization stage, metal nodes and topolamiesepresentebly chemical formula
and topology identifierse(g, fA{Zn][Zn] o for theZn paddlewheeaetal node andpcud for the
primitive cubic latticeopology)andencodednto realvalued vectordy word embedding

Organic linkersexhibit significantstructural diversityith the number of heavy atoms ranging
from 4 to 102 Their chemicalinformation is captured byrepresenng each linkeras a
molecular graph wherevertices and edgesorrespond toatoms and chemical bonds,
respectively.For MOFs containing differentrganic linkers the linkers in each MOFare
represented asgraphcomposed of multiplanconnected subgraphs. The features of each atom
in the organic linkeareinitially encodedusingword embedding anthenupdatedbased on
neighboring noddeaturesthroughgraph convolutionAfter threelayers of molecular graph
convolutiontheoverallfeature otheorganic linkers is obtained frothe features cdll nodes

usingglobal pooling

Finally, all chemical (metal and organic linker) and geometric (topology and geometric
property) features are concatenated to form the input feedforward neural network (FNN)
with three hidden layeysvhichareusedto predict the adsorption capacity. Notably fedture
embeddhgs graph convolutiosy andthe FNN are optimizedas a wholeto minimize the
prediction errorFigure 5-3 provides a exampleto illustrate the decomposition afMOF

structureandthe subsequent prediction of adsorption capacity
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(A) hMOF-27316 N (:)] Adsorption Capacity
; Q

Metal node  Organic linker

Geometric property
* Largest cavity diameter: 5.75 A
* Pore limiting diameter: 4.75 A
* Void fraction: 0.62
+ Gravimetric surface area: 1416.4 m?/g
* Volumetric surface area: 1567.5 m?/cm?

Mapping

Figure 5-3. Predicting adsorption capacifyom the MOF structure: &) structure decompositioand
(B) featurization, feature integration, apicedictionfrom the bottom to the top.

TheproposedViL architectures built using PyTorct®and PyG (PyTorch Geometriéy. The
training, validation and test sets account for 80%, 1080d 10% of the employed dataset
(corresponding to 7326, 915, and 915 MOFs). These three sets are used for model training,
hyperparameter optimization, and model evaluation, respectMelgn squared error (MSE)

is used ashie lossfunction Hyperparameters subject to optimization are listedahle 5-1.

To prevent overfitting, an early stopping strategy with a patience of 10 epochs is employed
This means thatf the model performance on the validation set does not improve for 10

consecutiveepochs, the training process is terminated and the model with the lowest validation

loss is theoptimalmodel.

Table 5-1. Hyperparameters considered for the ML model.

Hyperparameter Options

T_he number of neurons in ea 8. 16, 24, 32

hidden layer

Activation function Tanh, ELU, ReLU, Sigmoidsoftplus
Batch size 64, 128, 256

Graph convolution metha# GINConv, GCNConv, AGNNConv, ClusterGCNConv, GATCotr
P GraphConv, LEConv, MFConv, SAGEConv

Dataandcodefor implementing the entb-end ML modelin this sectiorare available in the

GitHub repository’.
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5.1.2Analysis of structure-property relationships

The adsorptive separation aftypical cracked gas mixtu€,H4/CoHs, 15:1)°¢1"1is studied
by GCMC simulations at 1 bar and 298 Kgure 5-4 shows the relatiaghips between the
MOF geometric properties anci; uptakes at 1 bar and 298 Krhe maximal @GHs uptakes
occur at void fractions of 0i6.8, pore limiting diameters ofi 8 A, volumetric surface areas
of 1500 2500 nt/cm?, and gravimetric surface areas of 208800 nt/g. Similar trends are

observed for @Hs uptakes at the sanaglsorptiorconditions as shown irFigure 5-5.
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fraction, B) pore limiting diameterC) volumetric surface area, and)(gravimetric surface area.

To evaluate the capability of MOFs in separatingl£aand GHe, the GHe/C2H4 selectivity is
calculated considering both the uptake gap and the gas composition difference. The
relationships between thelds/CoH4 selectivity and MOF geometric properties are visualized

in Figure 5-6. The top five MOFs with the highest selectivity (larger than 3.5) have a void
fraction of 0.41, a pore limiting diameter of 3.33 A, a volumetric surface area of %89rm

and a gravimetric surface area of 36%/gron average. High separation selectivity can be
achieved by MOFs with relatively low pore limiting diameters and surface areas. However, the
opposite is not always true. Considering the implicit relationships between the separation
capacity and geometrproperties of MOFs, quantitative modal® highly desirableo predict

the adsorption uptakes and further calculate the selectivity from MOF structures.
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5.1.3Model development

Employing the framework ifrigure 5-2, two ML models are trained to predict theHg and
CoHa equilibrium uptakes, from which the selectivity is determined. Considering all
hyperparameter combinations, the optimal ML configuratifliisted in Table 5-2) are
determined by the grid search method. The model performance is evaluated witbathe
absolute erroAE) andcoefficient ofdeterminationR?), as shown iTable 5-3. Adsorption
uptakes predicted by the ML models are compared with sionlegsults, as visualized in
Figure 5-7. In general, ML models achieve satisfying predictions, with an MAE of 5.78cm
and 0.77 crfig on the test set for284 and GHe, respectively. Additionally, the two ML
models show MAEaluesof 6.03 cni/g and 0.80 crilg onthe validation set.

Table 5-2. Optimal hyperparameteseettings

Model type Target Optimal hyperparametet

w/ chemical features C;Hs uptake at 1 bar/298 | 16, Tanh, 256, GINCon\
C:Hes uptake at 1 bar/298 + 16, ELU, 256, GINConv

w/o chemical feature: C;H4 uptake at 1 bar/298 + 32, Softplus, 64,
CoHe uptake at 1 bar/298 t 24, Sigmoid, 128,

Table 5-3. Model performancen predictirg C;Hs and GHe uptakes.

Target Model type Dataset MAE (cm¥g) R?
C2H4 uptake at 1 bar/298 | w/ chemical features Training 5.00 0.9259
Validation 6.03 0.8871
Test 5.79 0.8955
w/o chemical feature: Training 8.63 0.7762
Validation 9.33 0.7389
Test 9.00 0.7423
C:Hs uptake at 1 bar/298 I w/ chemical features Training 0.62 0.9419
Validation 0.80 0.8994
Test 0.77 0.8965
w/o chemical feature: Training 1.12 0.7964
Validation 1.21 0.7683
Test 1.17 0.7721
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Figure 5-7. Performance oL models in predictingA) C;Hs and B8) C:Hs uptakes at 1 b&298 K.

The proposed ML method considers both chemical and geometric information of MI®Fs.
demonstratehe importance of MOF chemical features in the prediction bfs@nd GHs
adsorption uptakes, two new ML models are trained using geometric featlyesThe
correspondingoptimal hyperparameters and model performance are presentedbla5-2
andTable 5-3, respectively. When using only the geometric features as inputs, the MAE of the
model on thedenticaltest set is 9.00 cffy and 1.17 ciifg for GHa4 and GHe, respectively.

The removal of chemical features leads to a significant dedreasadel performance, which

can also be observed Figure 5-8. Thisindicates that the incorporation of MOF chemical
information significantly improves prediction accuracy, proving the significance of chemical

featuredn the discovery oMOFsfor CoH4/CoHe separation.

1.0

(B) B w/ chemical features
I w/o chemical features

MAE (cm3/g)

CoHg at 1bar  CyHg at 1 bar 06 CoHgat1bar  C;Hg at 1 bar

Model Model

Figure 5-8. Performancef ML modelson the test seh predicting GHs and GHs uptakes

5.1.4MOF screening
To demonstrate thapplication ofML models foridentifying optimal MOFs, a large datset
comprising21,384new MOFstructures is extracteédom the hMOF databasgsing the data
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cleaning procesdescribedn Subsection5.1.1 These MOF structuresvhich contain three
distinct organic linkersare morecomplexthan the ones used for model development, which
contain no more than two types of organic linke&absequently, Miassisted largscale
screening iconductedoy employingthe developed ML models to predi€@Hs and GHa
uptakesThe top 100 MOFs with the highestHe/CoH4 selectivity are identified, and GCMC
simulatiors are performed to validate their practical performanEmgre 5-9). Although the

ML models tend to overestimate selectivity, #16C2H4 selectivity of 5.52 is confirmed by
GCMC simulations which is higher than thenaximum selectivity of 5.06 in the training
datasetFigure 5-10 summarizes the ID numbers, metal nodes, and organic linkers of the top
three MOFs with the highest GCMd&rived selectivity ranging from 4.94 to 5.52.

0 2 4 6 8 10
C,Hg/C2H4 adsorption selectivity

Figure 5-9. Comparison between ML predictions and GCMC simulationghitop 100 MOFs

Importantly, the GCMC simulation for the top 100 MOFs requires over 140 hours, whereas the
ML -assisted screening of the 21,384 MOFs is completed within 2 minutes, demonstrating the
high efficiency of ML methods in accelerating MOF discovery. Overall, the integrated ML
models are accurate and efficient for discovering highly selective MOFsefgetfaration of

CoHs and GHa.
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Figure 5-10. Top MOF candidates identified for theH/C,Hs separation.
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5.2 MOF screening using interpretable ML models

5.2.1Computational details

Figure 5-11 presentghe workflowof developing interpretable ML models for the discovery
of MOFs for GH4/C:Hs separation.Feature engineering is first conducted to caleulat
descriptorgor MOFs structures. On this basis, ML models can be developassifyMOFs
into CoHs-selectiveor CoHe-selective adsorbents. With the insights obtaibgdnterpretirg
these ML models, promising MOFs featuring desirable structural characterisi#cs be

efficiently identified from large databases.

Force-field inspired

1 1
1 1
! . -
descriptors ! o il i
1 1
1 1
1 1

b o
ba 3 a
: C,H /CH, =27 CHy
MaCh!ne PI'OPEI'W ::::::::::::.'.'.':::::::l
Learning ! C,H,-selective
1 - - -
B %"“ﬁ”ﬁ
MACCS/PubChem oS s‘w—} y
) ) DG la '
fingerprints i CZH;ICZH}?«? EET o,

Interpretation-based MOF discovery

Figure 5-11. Schematic diagram dfiterpretableVlL modelsfor MOF discovery.

MOF Dataset

Thedataset used iglenticalto thatin Section5.1andconsists of 9156 MOFs witsimulated
C2Hs and GHa4 uptakes as detailedn Subsection5.1.1 Based on the simulated adsorption
data, each MOF islassifiedas either @Hs-selective or GHe-selective CoHs-selective MOFs
preferentially adsorl,Hs over GHes andhave aCoHe/CoH4 selectivity lower than 1 while
C2He-selective MOFgreferentially adsoriC,He over GH4 andhave aCoHe/C2H4 selectivity
higherthan 1.After excluding MOFswith zeroCoHe and GH4 uptakes, aefineddataset of
8800 MOFswith ther CoHe/C2H4 selectivityis obtained Figure 5-12 shows the distribution
of CoHe/CoH4 selectivity for these 8800 MOFs where2617 are identified as-Hs-selective

adsorbents while the others argHg selective.
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Figure 5-12. Distribution of the GHe/CzH,4 selectivity of 8800 MOFs.

Feature Engineering

To characterize MOF structig@wo different approaches are usedbtainnumerical features
such as descriptors anwblecularfingerprints Material descriptors can appropriately represent
the physical, chemical, or topological characteristics of mateariads numerical formatin
contrast molecular fingerprints are binary bit string®( sequencgof Os and ¥) encoded
from molecular structures. Each bit corresponds toeslefinedsubstructure ofunctional
group and its value indicates tipeesence or absenoéthatsubstructure ofunctional group
Both descriptors rad fingerprints carserveas inpus for ML models to predictdsorption
performance omaterias.

Classic forcefield inspired descriptors (CFIBf area set ofl557chemaestructural descriptors

It allows differentiating betweematerialstructuesand provides great advantage over many
conventional methods as it is independent of using primitive, conventional, or supercell
structures of a materiddased orthe CIFs of MOF structures, CFID descriptors are calculated
usingPymatgeh’® and Matminet™.

In terms of molecular fingerprints, two commonly used ones are considered for the
characterization of MOF structures: MACCS (Molecular ACCess System) keys and PubChem
fingerprints. MACCS keys contain 166 types of substructures while the PubChem fingerprint
encode molecular fragments with 881 binary digits. The definitmnsubstructures and
fragmentsfor both molecular fingerprints are available in the docufieh® Based orthe

CIFs of MOF structures, MACCS and PubChem fingerprints are calculsied Open
Babel’”and PaDEL’8,
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Consequently numerical features including CFIDdescriptors,MACCS fingerprints, and
PubChem fingerprints are calculated for the 8800 MOFs and are subsequently used as inputs

for ML models topredictadsorption performance of materials

InterpretableMachine LearningModel

Random forest (RF), an ensemble of decision tree algorithms, is used as a classificdébn
to predict theadsorption preferences MOFsbased ortheir features (i.e., CFIRiescriptos
and two types ofmolecularfingerprints). Comparedtio other ML methods such as neural
networks,the RF is less computationally expensive and more interpret&blethis binary
classificationtask MOFs are categorized asHz-selective (positive class) orEs-selective
(negative class).le RF model outpatwo probabilty valuesranging from 0 to 1 that indicate
thelikelihood of a MOFbeing GHs-selective oiC2Hs-selective. The summation of these two
probabilities equalto 1L MOFswith aCoHs-selective probabilitlarger than 0.5 are classified

as CHe-selectiveadsorbents, otherwisthey are classified a&Has-selective adsorbents.

Data anctodefor implementing the interpretable ML modelthis sectiorare available in the
GitHub repository’.

5.2.2Model development

The entire dataset is divided into three parts: training (80%), validation (10%), and test (10%)
sets. To improve model accuradhie parameters of the RF model are optimized using the
training setwhile thehyperparameteissted inTable 5-4 are optimizedased on performance
evaluation on the validation sawith the optimal hyperparameters, the performance of the
final RF model is evaluated using the test set. The model training, hyperparameter optimization,
and final evaluation angerformedusingScikit-learnt*®. Two statistical metrics,c@uracy and

F1 scoreareusedto quantify the performance of the Mlassificationrmodels.

Table 5-4. Hyperparameters considered for the ML model.

Hyperparameter Options
The number of treedNfee) 20, 30, 40, 50, 60
The maximum depth of the treNfax_apt) 16, 20, 24, 28, 32

The minimum number of samples required to be at a leaf (b@€ear ampid 2, 4, 6, 8, 10

The ratio between the minimum number of samples required to split an

. 2,3,4,5,6
internal node anmmin_leaf_sample(Nmin_node_samplmin_leaf_sample)
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Three RF models are developed usiifferent feature set<CFID, MACCS, and PubChem.
Considering all hyperparameter combinatidhsoptimalhyperparameterare determined by
the grid search methodnd listed in Table 5-5. The performance of three RF models is
summarizedn Table 5-6. Amongthe threemodels the CFID-basedoneis the bestwith an

overall accuracy of 0.86nthe test sesind a higher F&core than other models.

Table 5-5. Optimal hyperparameter combinations for the ML models.

Model Optimal hyperparametetr

CFID 30, 20, 6, 3
MACCS 60,32,2,4
PubChem 60, 32,2, 3

Table 5-6. Model performance in the prediction adsorption preference

Accuracy F1 score
Model

Training Validation Test Training Validation Test
CFID 0.95 0.90 0.86 0.97 0.93 0.90
MACCS 0.84 0.78 0.77 0.89 0.86 0.85
PubChem 0.88 0.82 0.78 0.92 0.88 0.85

The two RF models developed with molecular fingerprints (MACCS and PubChem) show
similar predictive performanc&he PubChenrtrased model is slightly better than the MAGCS
based modehcrossall sets. Therefore, the PubChem modeddkectedas therepresentative

fingerprintbased model for subsequent analyaisngwith the CFIDbased model.

The CFIDfeature set includess57descriptorgmost of them are continuous) to capture MOF
physical, chemical, and topological informatievhereaghe PubChem fingerprisbnly use
881 binary variables to indicate tpeesenceof specific substructuresTherefore, he CFID
descriptorgrovide a more comprehensive representation of MOF structasesting ina ML

modelwith better performance

5.2.3Model interpretation
To selectively adsorb tra@@mounts oC>He from abundant €Ha, CoHe-selective MOFshould

be seleced. The CFID- and PubCherbased modeldiave demonstrated their ability
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distinguish between ls- and GHs-selective MOFsTo betterunderstandhese modelst is

important to gainnsightsinto how different features impaptedictions

As the RF is amnsemble tree model, the Tree SHAP algorifiins used tdnterpret model
predictions It canquantify the impact oéachfeature on thenodeb sutputin terms ofboth
magnitude (significant or insignificant) and direction (positive or negative) aspeptsitive
SHAP valuendicates thaa specific feature hagositiveimpact on GHe-selective probability,
increasing the likelihood af MOF beingclassified asCoHe-selective Conversely, aegative
SHAP value indicates aegativeimpact of thefeature, leading to #ow CoHe-selective
probability (equivalent taa high GHs-selective probability)The absolute value of the SHAP

value represent$e significance oimpact.
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Figure 5-13. Global interpretation (average feature importance) and local interpretation (SHAP value
distribution) of the CFIEbased model.

For the CFIBDbased model, SHAP values are calculated for each feature and eacRiyLDE.

5-13A shows the averaged importance of featuresFagare 5-13B shows the distribution of

SHAP values for each feature across all MOFs. The top 15 features are presented in descending
order of importance, which is calculated by the average of the absolute SHAP values.
Descriptions of these features can be found irditésature ’2 Notably, the featuré r d f _ 7 4 0,
one of the descriptors derived from the radial distribution function, has the largest impact on

the output of the CFIthased ML model.
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The colorbarin Figure 5-13B represents thecaledvalue of the featuregjlowing all features

to be compared within the same rang§eom the distribution of the feature valuésither
insights into the feature impact can be obtained. For examipilgh firdf 740 v adreu e s
presented imed andgenerally exhibit negative SHARxlues while low flog_vpa values are
presented irblue and also show negative SHAPvalues Both conditions result ira lower
probability of a MOF being &He-selective In other words,CoHs-selective MOFs are not

supposed thavehigh firdf 740 values or lowilog_vpad values

Screening MOFsbased onthese insights is challengingecause settinghresholds for
continuous CFID descriptors not straightforward=or examplewhile C;Hs-selective MOB
shouldavoidhighfirdf 740 v ait isigenerallydifficult to determine the exact cutoff value
Moreover these features aderived from thephysical, chemical, and topological properties
of MOFs, which cannot directly guide the structural synthesis and desigeavoMOFs. In
contrastthe PubChenbased modetklies solely orbinary variableshatindicate thegpresence
or absencef specificsubstructureshis makeshe PubChenribased modeahore practical and

usefulfor MOF screening as well as functionalization and design
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Figure 5-14. Global interpretation (average featimgortance) and local interpretation (SHAP value
distribution) of the PubChetibased model.

For the PubCherbased model, SHAP values are calculated for each feature and each MOF.

The top 15mostimportant PubChem features are showFigure 5-14A. They arendicated
by their indexes in the PubChem fingerprint list and their descriptions are available in the
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document’®. The featurefbit_427 presents the most significant impact on the predictions
because of its highest average absolute SHAP valunives the molecularsubstructure

C#CC a threecarbon chain with one triple bond

When fibit_427 is 1 (presented in red}the substructure C#CC is presémtthe MOF. It
generally exhibd negative SHAP values and decrestbe probability of a MOF being §He-
selective This suggestshat GHe-selective MOB usually do not havéhe substructur€€#CC.
A similar trend is observetbr fbit 417 (substructure C#C) anibit_1810 (saturated or
aromatic sixmembered rings containing heteroatpn@onverselythe presence dgbit_39®
(C~N~C carbonnitrogenrrcarbon chainsis associated witlpositive SHAP values, which
potentiallyincreaseshe probability of a MOF being §Hs-selective Thus,carbonnitrogen
carbon chains ar@esirable for GHe-selective MOFs. This also appligsother substructures
S u ¢ h bitabs®d (BC=CCO),fbit_613 (CNCCC),a n dit_5v3D (C=CCO). With these
insights gained from model interpretation, MOFs casdiected or tailemadebased on the

desiredpresence of absence of specific substructures.

5.2.4MOF screening

To leveragethe insights gainetby interpretingthe PubChentbased model, the large MOF
database described Bubsection5.1.4 is used for MOFscreeing. First, the PubChem
fingerprints are calculated for these MOF structukesthese structures are more complex,
fingerprints cannot be obtained for a small subset (220 M@#®)lting in 21,164 MOHeing
available for screening.Using these fingerprints, the presence and absencespécific
substructureare analyzetb identify highly GHe-selective MOFsFinally, GCMC validation

is conducted exclusivelgn thesgromisingMOF candidats.

In MOF screeninggonsidering too few feature specifications can result in a large number of
MOF candidates, leading to a high simulation cost. Conversely, considering too many features
may narrow down the pool excessively, potentially excluding some promising MOFs. To
balance these tradeffs, a threshold of 5% is set to determine the number of features considered
for screening, ensuring thab more tharb% of the 21,164 MOFs are selected for further

validation.

Uponanalyzing the top 20 important features, it is found that the requirefoetite 39 and
g features (i.e., bit_181 and bit_188F mutually exclusiveAccording toFigure 5-14, for a
MOF to beCyHe-selectivei b i t _(shtBrdtenl or aromatic sikembered rings containing
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heteroatoms)xhould be absentwhile it b i t (dt 88sbtwo saturated or aromatic-six
membered rings containing heteroatost®)uld be present. h e ab s enc eimpties fAbi t
that MOFs should not containany saturated or aromatic smembered rings containing
heteroatoms, whiclkdirectly contradicts the requirement for tiper e sence of A b

Therefore, these two features will not be considered in MOF screening.

Figure 5-15illustrates the relationship between the number of feature specifications considered

in screening and the number of MOFs retained. To meet the 5% threshold, 13 features need to
be considered. These 13 features correspond to the top 15 most importaes fexitluding

the 3% and ¢ features. The detailed feature specifications for screening are as follows:
Abit_ 42706, Abit _4170, Abit_2480, Abit_2510,
the absence of these corresponding s3udb st r u
Abit_ 57306, dAbit_5400, #Abit_4490, and #dAbit _-
corresponding substructures). After applying these 13 feature specifications, 583 MOFs are

retained for subsequent GCMC validatio

25
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10

13 feature

Number of candidates (x107)

1 1
0 5 10 15 20
Number of features

Figure 5-15. Relationship betweetthe number of feature specifications consideredth@sumber of

MOFs preserved.

CoHes and GH4 uptakes for the 583 MOF candidates are calculated @GEgC simulations.
After excluding 14 MOFs with zero uptake$;>He/CoHa selectivity is calculated fothe
remaining 569 MOFs as shown inFigure 5-16. Among them, 93.8% (534 MOFs) are
successfullyalidatedas GHe-selectiveadsorbentswhile the remaining 35 MOFs arei:-
selectiveadsorbentslt demonstrates that the insights gained from intangé¢the PubChem
based modetnable gpractical andefficient discovery of eHe-selective MOFs from large
MOF databases.
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Figure 5-16. GCMC-derived selectivity of the MOF candidates

Notably, amonghe 534 identified GHe-selective MOFs, hMOB067000 shows the highest
C2He/C2H4 selectivity of 6.46.lts structure is visualized using iIRASPA and thedensity
distribution of the adsorbedC>H4 and GHe molecules is calculateilom GCMC adsorption
datg as showmn Figure 5-17A. From the adsorption equilibrium state depicteligure 5-18,
itis observed that ££14 and GHe have similar adsorption sitésround the pore centebespite
this, theratio of adsorbed £H4 moleculeso C;Hs moleculesn thecrystalis about 2 Given
that the molar ratio o€2Hs to CHs in the bulk phases 15 a high GHe/C2H4 selectivity of
around 7.5 is obtainedhis promising MOF structuris not identified by lhe endto-end ML
model inSection5.1 because it€Hes/CoH4 selectivity isunderestimat yielding a value of

1.54.
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Figure 5-17. (A) Density distribution ohdsorbd C,Hs and GHs (dark color indicates high density)
and (B) metal node and organic linkers with key substructures highlifgnteMOF5067000
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Figure 5-18. Locations of GH, (in pink) and GHes moleculecentergin green) inthe crystal of
hMOF-5067000 at equilibrium state

Figure 5-17B lists the metal node and three organic linkers ¢bastitute thedViOF structure.
The presence of favorable substructures analyzed from model interprésaliighlighted
along withtheir feature indexedhis confirmghat the substructurespresentedbff bi t 42 7 0
Abit_ 4170, Abit _ 2480, n bdreabsehtGnlhighly efeisdlectived 6 0 0 ,

MOFs,which fully aligns with the insights gained from the model interpretation.

The features related to metal nodes are not considerdok MOF screening de to their
relativelylow importance. Nevertheless, it is found that the presence of cppegenerally
shows positive SHAP valueBi@ure 5-19), indicating thatcopperis a favorable metal node
CoHe-selective MOFsThisfinding is consistentvith hMOR5067000 which features copper

as its metal node

Figure 5-19. Global and local interpretations on metal features foPteCherdbased model

Overall, the structural characteristics identified through model interpretation are valuable and

useful for discovering MOFs that caalectivelyadsorbCoHe over CoHa.
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