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 ABSTRACT 

 Regulation  of  CO  2  emissions  is  imperative  to  prevent  environmental  catastrophes  brought 

 on  by  climate  change.  Technologies  for  carbon  capture  and  storage  are  being  developed 

 extensively  as  environmentally  friendly  solutions  to  the  issue.  Traditional  methods  divide  carbon 

 capture  and  storage  into  two  phases,  leading  to  inefficient  operation  and  excessive  energy  usage. 

 To  expedite  the  reactions  and  enhance  productivity,  an  integrated  carbon  capture−mineralization 

 process  was  proposed  at  a  later  stage.  The  classic  carbon-water-mineralization  system  is 

 improved  by  this  combined  carbon  capture  and  mineralization  technology  by  removing  the 

 constraint  of  limited  carbon  dioxide  solubility.  However,  aside  from  the  advantages,  the 

 integrated  carbon  capture−mineralization  processes  suffer  from  some  limitations,  such  as 

 instability  of  amine-based  solvents  or  gel-like  formation  during  the  reactions.  In  addition, 

 competing  phenomena  exist  among  amines,  such  as  tradeoffs  between  reaction  rates  and 

 viscocities,  so  it  is  insufficient  to  examine  a  single  property  of  the  amine  for  improving 

 mineralization  performance.  Thus,  for  researchers  and  engineers  to  increase  mineralization 

 efficiency,  simulations  were  used  to  help  optimize  process  schemes  or  selecting  the  best  reactants 

 by  comprehensive  analysis  on  physical,  chemical,  and  reactions  properties  of  amines  involved  in 

 carbon capture and mineralization processes. 

 Aspen  Plus  was  used  to  simulate  the  two-stage  integrated  carbon  capture−mineralization 

 processes  and  to    identify  reinforcing  feedback  between  mineralization  and  related  parameters.  In 

 the  simulation,  CO  2  was  first  removed  from  the  flue  gas  stream  using  amine-based  solvents 

 (monoethanolamine  diethanolamine,  triethylamine,  and  blended  monoethanolamine+Methyl 

 diethanolamine).  After  this,  an  alkaline  substance  (CaO)  was  used  to  regenerate  the  CO  2  -loaded 



 amines  through  mineralization  processes,  and  the  final  desorbed  CO  2  was  transformed  into 

 bicarbonates,  which  were  then  mixed  with  calcium  ions  (Ca2+)  to  create  calcium  carbonate 

 (CaCO3). 

 The  Aspen-generated  data  in  the  simulation  processes  were  then  used  for  the  next  part: 

 implementing  machine  learning  algorithms  for  enhancing  CO  2  mineralization  level  in  the 

 integrated  absorption−mineralization  processes.  Machine  learning  algorithms  use  statistical 

 calculations  to  predict  outcomes  and  find  optimizations.  The  objective  of  this  study  is  to  forecast 

 how  different  amines  will  perform  on  carbon  mineralization  under  various  reaction  conditions  by 

 using  well-know  supervised  machine  learning  algorithms,  such  as  Artificial  Neural  Networks 

 (ANN),  Support  Vector  Regression  Machine  (SVM),  K-nearest  neighbor  (KNN),  Decision  Tree 

 Regression (DTR), Lasso Regression, and Ridge Regression(RR), 

 Using  multiple  statistical  indicators,  our  findings  show  that  KNN  outperformed  other 

 models  in  terms  of  Root  Mean  Square  Error  (RMSE)  (0.027),  Mean  Absolute  Error  (MAE) 

 (0.012),  Mean  Absolute  Percentage  Error  (MAPE)  (0.479%),  and  correlation  coefficient  (R  2  ) 

 (0.9929)  values.  The  accurate  predictive  modeling  is  of  great  importance  for  potential  industrial 

 advancement  and  solving  CO  2  emission  problems,  as  it  can  find  optimal  reaction  conditions.  The 

 combined  “machine  learning-integrated  absorption  and  mineralization”  is  beneficial  for  the 

 development  of  smart  carbon  capture  and  storage  technologies  and  the  creation  of  efficient 

 reaction  systems,  while  bridging  the  gap  between  artificial  intelligence  and  environmental 

 protection. 
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 CHAPTER 1 

 INTRODUCTION 

 Greenhouse  Gas  (GHG)  are  dominant  drivers  of  climate  change,  and  carbon  dioxide 

 (CO  2  )  accounts  for  78%  of  the  GHG  emissions  (Jiang,  2018;  Edenhofer,  2014).  In  order  to  limit 

 global  warming  temperature  within  the  2  °C  borders  and  prevent  climate-change  induced 

 disasters,  such  as  flooding,  drought,  and  air  pollution  (Tan,  2022),  CO  2  emissions  should  be 

 monitored  to  zero  or  even  negative  in  the  future.  Many  countries  have  joined  the  group  of 

 combating  passing  the  2°C  thresholds,  with  the  UK  government  being  the  first  to  legislate  this, 

 followed  by  Japan,  South  Korea,  and  the  United  States.  A  total  of  more  than  120  nations  have 

 declared their net-zero emissions around the year 2050 (Kang et al., 2021). 

 Carbon  capture  and  storage  (CCS)  is  one  of  the  most  promising  and  scalable  technologies 

 for  satisfying  the  carbon-neutral  targets,  which  can  contribute  to  94  Gt  of  cumulative  CO  2 

 reduction  by  2050  (Wei  et  al.,  2021).  This  chapter  presented  a  general  overview  of  carbon 

 capture  and  storage  strategies  to  better  identify  the  technology  gaps  and  proposed  an  integrated 

 artificial intelligence and carbon capture-mineralization technique as a potential breakthrough. 

 1.1 Carbon Capture 

 Using  patent  data  to  illustrate  the  evolutionary  paths  of  CCS,  Kang  et  al.  (2021) 

 determined  that  CO  2  capture  remains  the  foundation  of  CCS  technology.  Carbon  capture  includes 

 pre-,  post-,  and  oxy-fuel  combustion  technologies  (Wilberforce  et  al.,  2021).  Pre-combustion 

 capture  involves  the  production  of  syngas  (H  2  and  CO  2  )  from  fuel  reforming,  whereas 
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 post-combustion  capture  involves  the  separation  of  CO  2  from  industrial  flue  gas  (Wilberforce  et 

 al.,  2021).  During  oxy-fuel  combustion,  fuels  are  burned  in  an  oxygen-purified  environment,  so 

 the  final  product  will  be  a  gas  consisting  mainly  of  CO  2  and  water,  which  can  be  directly  used  for 

 sequestration  without  stripping  CO  2  from  the  gas  stream  (Buhre  et  al.,  2005).  Although  the 

 pre-combustion  technology  is  more  efficient  than  post-combustion,  it  is  also  more  expensive. 

 Furthermore,  the  requirements  for  pure  oxygen,  an  energy-intensive  and  costly  process  in  the  air 

 separation  unit  restrict  the  use  of  oxy-fuel  combustion  routes  (Osman  et  al.,  2020).  Consequently, 

 post-combustion  technology  is  the  most  prevalent  and  developed  CCS  technology  at  present 

 (Osman et al., 2020). 

 Amine-based  absorption  is  the  only  commercialized  method  of  post-combustion  capture 

 with  high  absorption  capacities  and  good  selectivity  toward  acidic  gases  (Osman,  2021). 

 Common  types  of  amine    solvents  include  primary,  secondary,  and  tertiary  alkaline  amines,  such 

 as  monoethanolamine  (MEA),  diethanolamine  (DEA),  N-methyldiethanolamine  (MDEA), 

 2-amino-2-methyl-1-propanol  (AMP),  Na-glycinate  (NaGly)  etc.  Numerous  studies  have 

 evaluated  the  effectiveness  of  amines  in  carbon  capture.  For  example,  Tan  et  al  (2015). 

 investigated  the  performance  of  20  wt%  MEA  solution  under  different  pressures.  Results  showed 

 that  approximately  76%  of  CO  2  was  removed  when  the  pressure  was  low  (0.1  MPa),  and  the 

 removal  efficiency  increased  to  95%  with  higher  pressure  (1  MPa).  Comparing  the  working 

 capacity  of  10%  (w/w)  MEA,  MDEA,  DEA,  piperazine  (PZ),  and  ethylenedICCMine  (EDA)  on 

 CO  2  capture  with  a  CO  2  flow  rate  of  20  ml/min,  Gomes  et  al.  (2014)  noted  that  DEA  had  the 

 highest  working  efficiency  with  a  rich  loading  of  0.492  mol  CO  2  /mol  amine.  PZ  and  MEA  had  a 

 similar  capacity  of  around  0.409  mol  CO  2  /mol  amine,  which  could  be  substituted  for  one 
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 another,  whereas  EDA  had  the  lowest  loading  performance  at  0.321mol  CO2/mol  amine  (Gomes 

 et al., 2014). 

 However,  none  of  the  single  amines  could  satisfy  requirements  on  both  physical  and 

 chemical  properties,  so  recent  research  has  started  focusing  on  using  blended  amines  (Ji  et  al., 

 2018).  Blended  amines  provide  additional  molecules  by  withdrawing  protons  from  the  amino 

 group,  increasing  molecular  interactions  and  diminishing  the  activation  energy  in  the  reactions, 

 which  increases  CO  2  absorptions  (Kim  et  al.,  2016).  Wang  et  al.  (  2021a)  proposed  DMCA-MCA 

 solvents,  and  the  CO  2  loading  could  reach  0.875–0.985  mol  CO  2  /mol  amine  with  a  flow  rate  of 

 120  mL/min  at  303  K  for  100  mins.  Except  for  the  improvements  in  CO  2  removal,  the  blended 

 DMCA-MCA  system  could  reduce  regeneration  energy  to  only  2.20  GJ/t  CO  2  ,  which  was  44.9% 

 lower  than  using  5  M  MEA  alone  (Wang  et  al.,  2021a).  However,  not  all  combinations  of 

 blended  amines  improve  the  efficiency  of  CO  2  capture.  Using  MEA  as  the  base  solution  with 

 additions  of  PZ,  AEEA,  DETA,  AMP,  and  DEA  separately,  Kim  et  al.  (2016)  found  that 

 compared  with  a  single  MEA  solution,  the  groups  of  MEA  +  PZ,  MEA  +  AEEA,  and  MEA  + 

 DETA  could  improve  the  CO  2  removal,  but  adding  AMP  or  DEA  to  the  MEA  solution  will 

 decrease  the  performance.  Therefore,  material  selection  is  of  the  utmost  importance  for  the 

 improvement of CO2 capture that will be compressed, transported, and stored in later stages. 

 1.2 Carbon Storage 

 Sedimentary  formations  and  carbon  mineralization  are  typically  selected  for  long-term 

 CO  2  storage,  with  carbon  mineralization  having  the  potential  to  sequester  up  to  60,000,000 

 GtCO  2  globally  if  the  resource  is  commercially  viable  and  fully  carbonated  (Kelemen  et  al., 
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 2019).  The  reactions  involve  turning  CO  2  into  solid  carbonates  with  alkali  or  alkaline  earth 

 metals  (Gyudae,  2022).  There  are  three  primary  types  of  mineralization:  ex-situ,  in-situ,  and 

 surficial  (Kelemen  et  al.,  2019).  Ex-situ  mineralization  stands  for  the  engineering  process  in 

 which  CO  2  is  converted  to  carbonates,  and  the  in-situ  technique  injects  CO  2  and  allows  the 

 circulation  of  the  gas  in  the  calcium-  and  magnesium-bearing  minerals  or  rocks  (Gadikota, 

 2016).  Surficial  mineralization  reacts  to  alkalinity  sources  at  the  surface  with  either  dilute  or 

 concentrated CO  2  (Kelemen et al., 2019). 

 Numerous  studies  have  examined  the  influence  of  various  elements  on  mineralization 

 efficiency.  Dlugogorski  and  Balucan  (2014),  for  example,  concluded  that  structural  disorder  is 

 the  primary  factor  controlling  carbonation  or  mineralization  in  thermally  treated  serpentine. 

 Therefore,  it  is  essential  to  reduce  the  partial  pressure  of  water  vapor  to  prevent  recrystallizations 

 of  disordered  phases.  The  other  direct  factor  influencing  the  efficiency  of  carbon  mineralization 

 is  the  concentration  of  released  Ca  2+  ,  Mg  2+  ,  Al  3+  from  mafic  minerals  or  rocks,  which 

 significantly  depends  on  the  PH  (Snæbjörnsdóttir  et  al.,  2020).  Plagioclase,  volcanic  glasses,  and 

 other  Al-based  minerals  dissolved  least  at  neutral  PH,  but  their  dissolution  rates  increased  with 

 higher  PH  values.  On  the  opposite  side,  the  dissolution  rate  of  olivine,  as  a  magnesium  iron 

 silicate,  performed  well  under  acidic  conditions  and  decreased  with  increasing  PH 

 (Snæbjörnsdóttir  et  al.,  2020).  Hänchen  et  al.  (2008)  examined  the  effects  of  temperature  (25◦C  - 

 120◦C)  and  pressure  (1  -  100  bars)  on  the  precipitation  of  Mg-bearing  systems  of  mineralization. 

 At  low  temperature  and  pressure  (at  25  ◦C  and  P  CO2  =1  bar),  solutions  were  undersaturated,  and 

 no  precipitation  was  formed  during  16  hours.  However,  magnesite  formed  when  temperature  and 

 pressure increased to 120 ◦C and 100 bar (Hänchen et al., 2008). 
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 Apart  from  the  physical  limitations,  mineralization  efficiency  is  restricted  by  the 

 dissolution  kinetics  of  minerals  and  CO  2  dissolution  in  a  CO  2  –water–solid  system  (Cain  et  al., 

 2021  &  Sanna  et  al.,  2014).  Therefore,  finding  a  technique  that  can  remove  the  barrier  of  limited 

 dissolution  of  CO  2  in  the  conventional  carbon-water-mineralization  system  could  further  enhance 

 the efficiency of CCS. 

 1.3 Integrated carbon capture and mineralization 

 Integrated  carbon  capture  and  mineralization  (ICCM)  techniques  have  been  proposed  to 

 improve  the  efficiency  of  carbon  mineralization  and  encourage  the  advancement  of  CCS 

 technologies.  ICCM  is  a  spontaneously  chemical  regeneration  process  that  operates  on  the  same 

 principle  as  mineralization,  but  is  able  to  remove  CO  2  -dissolving  barriers,  resulting  in  stable 

 precipitation  as  the  end  product  (Kang  et  al.,  2018).  In  the  traditional  CO  2  capture  and  storage 

 processes,  CO  2  is  firstly  absorbed  by  amine-scrubbing  processes  with  an  initial  temperature  of 

 40-80◦C,  and  then  CO  2  regenerates  the  amines  through  thermal-swing  desorption  with  an 

 elevated  temperature  of  100-140◦C  (Arti  et  al.  2016  &  Ji  et  al.,  2018  ).  This  thermal-related 

 techniques  require  lots  of  energy.  Besides,  the  thermal-desorbed  CO  2  needs  extra  energy  for 

 storage  and  transportation.  Using  ICCM  is  a  great  way  to  reduce  energy  penalty  and  improve  the 

 CO  2  capture  efficiency  in  the  process  by  eliminating  the  heat  duty  and  additional  post-treatment 

 steps involved in the CO  2  capture process. 

 In  the  initial  development  stage  of  the  process,  highly  abundant  natural  silicates,  such  as 

 serpentine,  olivine  and  wollastonite,  were  used  (Ji,  et  al.  2018).  In  the  latter  stage,  to  better  solve 

 environmental  problems  caused  by  solid  waste,  alkaline  industrial  wastes,  including  fly  ash, 
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 carbide  slag,  and  steel  slag,  are  also  involved  in  CO  2  mineralization  (Ji  et  al.,  2018).  For  instance, 

 Yu  et  al.  (2019)  used  CaO-containing  coal  fly  ash  (CFA)  as  the  feedstock  and  2M  AMP  as  the 

 solvents.  The  ICCM  experiment  was  performed  at  room  temperature  for  90  mins,  and  chemically 

 regenerated  AMP  solutions  could  be  recycled  for  over  20  loops  with  only  10.2%  loss.  In  the 

 research  of  Yan  et  al.  (2021),  semi-dry  flue  gas  desulfurization  (SFGD)  slag,  which  contains  a 

 large  amount  of  Ca(OH)  2  ,  was  used  as  the  alkaline  source  for  ICCM,  resulting  in  a  desorption 

 rate  of  68%  and  CO  2  fixation  efficiency  of  87.6%  under  optimized  reaction  conditions  (Yan  et 

 al., 2021). 

 Numerous  studies  have  demonstrated  that  ICCM  requires  lower  operating  temperatures 

 and  less  energy  while  mineralizing  at  a  rapid  rate.  For  instance,  CaCl  2  acted  as  a  calcium  source 

 for  CO  2  desorption  via  chemical-based  amine  regeneration,  resulting  in  97.3%  desorption 

 efficiency  at  a  temperature  as  low  as  40◦C,  which  was  significantly  higher  than  the 

 thermally-generated  desorption  rate  (Kang  et  al.,  2018).  In  order  to  investigate  the  interactions 

 between  organic  and  inorganic  additional  ions,  Chuajiw  et  al.  (2013)  used  hexamethylene 

 dICCMine,  amine  salt  (hexamethylenedICCMine-adipic  acid  salt),  and  amide  ("-caprolactam), 

 monitoring  the  change  of  Ca  2+  and  percentage  of  CO  2  in  exhaust  gas  during  the  reaction 

 processes.  The  results  confirmed  that  the  reaction  rate  was  improved  by  adding  either  base 

 amines  or  neutral  amide  ("-caprolactam)  or  amine  salt  into  calcium  hydroxide  suspension  to  form 

 precipitation  through  mineralization  (Chuajiw  et  al.,  2013).  Then,  in  2016,  Arti  et  al.  evaluated 

 the  performance  of  MEA,  DEA,  MDEA,  and  AMP  in  ICCM  at  a  concentration  of  1.6M  per 

 amine  solution.  The  authors  demonstrated  that  this  ICCM  technique  had  1.3-  3  times  higher 

 working  capacityies  than  the  conventional  thermal  amine-scrubbing  process,  and  among  all 
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 solvents,  MEA  outperformed  other  amine  solutions  in  enhancing  working  capacity  and 

 regeneration efficiency (Arti et al., 2016). 

 However,  the  ICCM  has  limitations,  the  most  important  of  which  is  the  stability  of 

 amine-based  solvents.  (Wang  et  al.,  2019).  In  addition,  highly  viscous  and  gel-like  fluids  may 

 form  during  the  process  at  high  concentrations  of  solvents,  such  as  AMP  and  DBU  (Liu  et  al., 

 2021).  Thus,  to  make  the  technique  scalable,  future  researchers  and  engineers  must  maximize  the 

 working  efficiency  at  a  fixed  cost  or  select  the  optimal  solvents  and  mineral  types  for  reactions. 

 Machine  learning  is  an  algorithm  that  can  be  applied  to  these  types  of  problems  in  order  to 

 predict outcomes and discover optimizations. 

 1.4 Machine Learning (ML) Algorithms 

 Machine  learning  is  categorized  into  supervised,  unsupervised,  and  reinforcement 

 learning  methods  (Ozba  et  al.,  2019).  In  supervised  learning,  algorithms  are  trained  using  a 

 labeled  dataset,  meaning  that  each  data  has  known  outcomes.  Unsupervised  learning  is  the 

 inverse  of  supervised  learning:  there  are  no  labels  or  answers,  and  reinforcement  learning  is 

 commonly  used  in  decision-making  processes.  Predicting  the  performance  of  a  particular  system 

 has  frequently  relied  on  supervised  learning,  which  can  be  further  categorized  into  classification 

 models  and  regression  models.  For  example,  Jang  (2019)  used  KNN  to  predict  real-time 

 traveling  time  in  Korea  with  a  prediction  error  of  3.7%;  lasso  and  ridge  regression  were 

 compared  in  the  study  of  Ciftsüren  and  Akkol  (2018)  for  predictions  of  internal  egg  quality 

 characteristics;  to  optimize  variables  influencing  removal  rates  of  NOx  in  the  flue  gas,  Shin  et  al. 
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 (2019)  applied  ANN  models  and  concluded  that  the  concentration  of  O  2  was  the  most  critical 

 factor for NOx reduction (Shin et al., 2019). 

 Figure 1.1 Categories of machine learning algorithms 

 ML  techniques  have  gained  popularity  not  only  in  the  fields  of  chemistry  and 

 transportation,  but  also  in  environmental  studies,  where  their  ability  to  solve  nonlinear 

 relationships  enables  the  resolution  of  complex  environmental  problems  (Zhong  et  al.,  2021). 

 Zhong  et  al.  (2021)  summarized  the  current  applications  of  ML  in  Environmental  Science  and 

 Engineering  into  four  categories:  forecasting,  determining  the  significance  of  a  feature,  spotting 

 abnormalities,  and  discovering  new  materials  or  compounds,  and  these  applications  involve 
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 water,  air,  soil,  etc.  Liu  et  al.  (2020)  incorporated  anomaly  detection  techniques  based  on 

 machine  learning  into  the  vertical  plant  wall  system  to  achieve  interior  climate  control  on  CO  2 

 and  temperature,  targeting  on  human  health  protection.  In  solid  waste  management,  Lu  et  al. 

 (2022)  developed  a  new  mutant  FAST-PETase  enzyme  for  PET  depolymerization  with  the  aids 

 of  ML.  The  FAST-PETase  can  almost  entirely  break  down  the  untreated  post-consumer  PET  in  a 

 week.  In  order  to  provide  evidence-based  information  on  how  stressors  and  biological  drivers 

 interact  and  influence  ecological  processes  and  microbial  biomass  in  hyporheic  zone  (HZ),  Mori 

 et  al.  (2019)  employed  machine  learning  (ML)  technologies  and  identify  the  important  features. 

 Results  highlighted  the  significance  of  temperature  and  nutrient  inputs  from  anthropogenic 

 activities  on  structures  and  processes  of  HZ.  The  authors  also  summarized  that  climate  change 

 will have more pronounced effect on ecosystem functioning . 

 In  order  to  manage  climated  change,  Sipocz  et  al.  (2011)  combined  ML  algorithms  on 

 technologies  of  CO  2  capture  and  targest  on  finding  the  optimum  operation  for  the  example  plant. 

 They  simulated  over  4000  data  through  CO  2  SIM  software  for  an  amine-based  post-combustion 

 CO  2  capture  process,  which  constructed  a  highly  accurate  ANN  model  with  only  0.17% 

 prediction  error.  Based  on  the  same  operational  principle,  the  ANN  and  response  surface  model 

 (RSM)  model  in  the  research  of  Nuchitprasittichai  and  Cremaschi  (2013)  predicted  that 

 diglycolamine-based  amine  solvents  could  minimize  CO  2  capture  cost  while  maintaining  the 

 same  capture  efficiency.  Other  than  using  single  or  pairwise  models,  a  number  of  researchers 

 examined  the  performance  of  a  variety  of  models  for  predicting  CO2  capture.  For  instance,  fine 

 tree,  ANN,  Matern  Gaussian  process  regression  (GPR),  rational  quadratic  GPR,  and  squared 

 exponential  GPR  models  were  developed  in  the  study  of  Shalaby  et  al.  (2019),  and  they  used  flue 
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 gas  flow  rates,  temperatures,  pressures,  and  the  reboiler  and  condenser  duties  as  inputs.  The 

 results  demonstrated  that  ANN  contributed  to  the  most  accurate  predictions.  Deng  et  al.  (2020) 

 conducted  an  extension  of  the  methods.  Among  four  commonly  used  prediction  models,  Back 

 Propagation  Neural  Network,  Decision  Tree,  Random  Forest  (RF),  and  SVM,  RF  had  the  best 

 prediction  results  with  R  2  =  0.982.  Considering  the  carbon  storage  processes,  Vo  Thanh  and  Lee 

 (2022)  applied  Gaussian  Process  Regression  (  GPR),  SVM,  and  RF  to  predict  CO  2  trapping  in 

 saline  aquifers.  Based  on  the  analysis  of  Root  Mean  Square  Error  (RMSE)  and  R  2  ,  GPR 

 outperformed other models on estimating CO  2  trapping  efficiency. 

 The  limitations  of  these  studies  are  that  none  of  the  research  attempted  to  to  anticipate 

 capture  and  sequestration  efficiency  simultaneously.  Instead,  they  continued  to  view  carbon 

 capture  and  storage  as  separate  processes.  As  some  research  has  demonstrated,  however,  that 

 ICCM  processes  are  more  energy-efficient  and  cost-effective  than  carbon  capture  and 

 sequestration  alone,  it  is  essential  to  propose  the  integrated  ML-ICCM  methods  for  better  CO  2 

 control. 

 1.5 Research Objectives 

 This  study  proposed  to  use  an  integrated  ML-ICCM  technique  to  predict  carbon 

 mineralizations  under  various  reaction  conditions  in  amine-based  systems,  which  involves 

 choosing  the  best  amine  solvent  and  finding  the  most  cost-effective  process  scheme.  The  first 

 part  of  the  study  was  about  simulations  of  the  ICCM  process  by  using  Aspen  Plus,  and 

 reinforcing  feedbacks  between  mineralization  and  related  parameters,  such  as  flow  rates, 

 temperature,  and  concentrations,  were    identified.  Furthermore,  this  part  helped  determining 
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 competing  phenomena  among  amines  by  comprehensive  analysis  on  physical,  chemical,  and 

 reactions  properties  of  amines  involved  in  carbon  capture  and  mineralization  processes.  Part  Two 

 used  the  Aspen-generated  data,  which  is  the  performance  of  different  amines  under  various 

 reaction  conditions,  to  build  machine  learning  models,  including  Artificial  Neural  Networks 

 (ANN),  Support  Vector  Regression  Machine  (SVM),  K-nearest  neighbor  (KNN),  Decision  Tree 

 Regression  (DTR),  Lasso  Regression,  and  Ridge  Regression(RR).  Part  Three  used  different 

 statistical  indicators  to  test  the  prediction  performance  and  reliabilities  of  the  models,  and  the 

 most accurate model was chosen for future implementations in ICCM. 

 Figure 1.2 Methodology diagram for the proposed integrated ML-ICCM technique 
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 CHAPTER 2 

 ASPEN SIMULATED INTEGRATED ADSORPTION AND 

 MINERALIZATION (ICCM) 

 2.1 Aspen Plus 

 Aspen  plus  is  an  engineering  simulation  software  with  a  comprehensive  chemical 

 database,  and  a  general  simulation  flowsheet  in  the  software  consists  of  core  reactors  and  various 

 operational  units  (  Al-Malah,  2016  ).  It  is  a  potent  tool  for  implementing  dynamic  models,  solid 

 handling,  energy  saving,  sensitivity  analysis,  and  unit  operation  calculation-based  tasks 

 (  Al-Malah,  2016  ).  Therefore,  this  study  chose  Aspen  software  to  simulate  the  ICCM  process  to 

 mimic  realistic  experimental  processes,  and  the  effects  of  various  reaction  conditions  on 

 mineralization rates were investigated further. 

 2.2 Simulation setup 

 The simulated  ICCM process is as follows: 
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 Figure 2.1 Flowsheet of an Aspen simulated ICCM process 

 The  input  gas  was  desulfurized  flue  gas  (DSFG)  composed  of  CO  2  (5%),  O  2  (12%),  N  2 

 (76%),  and  H  2  O  (7%)  (  Arachchige  &  Melaaen,  2012)  .  The  DSFG  flow  rate  was  set  at  25  kmol/h 

 under  the  pressure  of  1  bar  and  temperature  at  25  °C  ,  and  then  the  flue  gas  was  blown  into  the 

 ABSORBER  that  contains  either  fresh  amine  or  cycled  CO  2  -lean  solvents.  Solvents  used  in  the 

 simulation  included  primary  (MEA),  secondary  (DEA),  tertiary  (TEA),  and  blended 

 (MEA+MDEA)  amines.  The  amine  solvents  absorbed  the  FG-contained  CO  2  ,  and  the 

 CO  2  -depleted  FG  went  through  a  CONDENSER  to  recuperate  the  residual  amines  in  the  gas 

 phase  and  pumped  the  amine  into  the  ABSORBER  for  re-utilization,  and  the  final  tail  gas  vented 

 out  as  the  exhaust  gas.  The  CO  2  -rich  amine  solution  was  transported  into  the 

 MINERALIZATION  REACTOR,  where  it  reacted  with  alkaline  solids  (CaO)  to  produce  CaCO3 

 via  the  mineralization  process.  CaO  was  selected  as  the  mineral  because  it  is  the  major 
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 component  of  coal  fly  ash  and  other  solid-waste  ashes.  Mineralization  reactions  occurred  at  1  bar 

 with  a  temperature  at  25  °C  ,  and  the  mineralized  precipitation  moved  into  the  FILTER.  The 

 FILTER  separated  CaCO  3  solids  from  liquids.  The  separated  CO  2  -  lean  solution  was  transferred 

 to  the  REGENERATOR  and  thoroughly  mixed  before  being  recycled  back  into  the  ABSORBER. 

 Simultaneously,  the  separated  solids  were  transported  to  a  SOLIDS  WASHER  and  purified 

 CaCO  3  was produced. 

 Table  2.1  outlines  the  configurations  of  each  block,  and  ENRTL  was  selected  from  a 

 variety  of  activity  coefficient  models,  including  Wilson,  Van  Laar,  Universal  quasichemical 

 Functional  group  Activity  Coefficients  (UNIFAC),  Universal  Quasi-chemical  Theory 

 (UNIQUAC),  Flory  Huggins,  Nonrandom  Two  Liquid  Theory  (NRTL),  Electrolyte  NRTL 

 (ENRTL),  and  Scatchard  Hilbert  models  (Carlson,  1996).  Based  on  the  illustration  in  Carlson's 

 (1996)  study  regarding  the  selection  of  physical  property  methods,  the  Wilson  model  is  suitable 

 for  polar  but  non-electrolyte  simulations.  According  to  Unlu  and  Hilmioglu  (2020),  UNIFAC 

 models  are  frequently  used  for  non-ideal  systems  at  low  pressures,  and  based  on  the  formation  of 

 by-products,  they  utilized  the  UNIFAC  model  in  Aspen  Plus  to  examine  the  precess  of  steam 

 reforming  of  the  glycerol  (Unlu  and  Hilmioglu,  2020).  Flory  Huggins  is  a  common  model  for 

 determining  the  characteristics  and  physical  properties  of  polymer-solvent  systems  (Ovejero  et 

 al.,  2009),  whereas  Van  Laar  can  be  used  to  predict  vapor-liquid  behavior  in  simple  and 

 non-polar  systems.  UNIQUAC  models  were  not  originally  designed  for  electrolytes,  but  with  the 

 modifications,  numerous  researchers  have  begun  to  employ  the  model  in  CO  2  capture  processes. 

 Darde  et  al.  (2012),  for  instance,  stimulated  the  CO  2  –NH  3  –H  2  O  system  in  Aspen  Plus  by 

 employing  the  extended  UNIQUAC  thermodynamic  model.  Compared  to  UNIQUAC,  NRTL, 
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 and  E-NRTL  are  more  suitable  for  electrolyte  and  polar  systems  (Carlson,  1996).  In  addition,  the 

 study  of  Simoni  et  al.  (2007)  compared  prediction  performance  of  UNIQUAC,  NRTL  and 

 E-NRTL  in  systems  that  contain  ionic  liquids.  Results  demonstrated  that  the  ENRTL  model 

 outperformed  the  other  two  models  with  small  sentivity  to  the  length  of  the  alkyl  chains  involved 

 in the reactions (Simoni et al., 2007). 

 In  this  study,  Electrolyte  NRTL  (ENRTL)  was  initially  chosen.  ENRTL-RK,  which  stands 

 for  Electrolyte  NRTL  with  Redlich-Kwong  physical  property,  was  used  as  the  final 

 thermodynamic model to address the issue of thermodynamic inconsistency (  Adams, 2022). 
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 Table 2.1 Setup and configurations of each block in the simulated ICCM process 

 Blocks  Model  Specification  Parameters 

 ABSORBER  RadFrac  Calculation type: rate-based 
 Number of stages: 20 
 Valid phases: Vapor-liquid 
 Convergence: standard 
 Property methods: ENRTL-RK 

 Reaction temperature: 25  °C 
 Pressure: 1 bar 
 Solvents: 30 wt% 
 Flue gas temperature: 25  °C 
 Flue gas flow rate: 25 kmol/h 

 MINERALIZATION 
 REACTOR 

 RStoic  Flash type: temperature; vapor fraction 
 Valid phases: Vapor-liquid 
 Property methods: ENRTL-RK 

 Pressure: 1 bar 
 Temperature: 25  °C 
 CaO: 1.6 kmol/h 

 FILTER/ 
 SOLID-LIQUID 
 SEPARATOR 

 Filter  Model: solids separator 
 Specify phase separation: solid load of liquid outlet 
 Classification characteristic: particle size 
 Property methods: ENRTL-RK 

 Pressure: 1 bar 

 SOLID WASHER  Sep  Outlet stream: CaCO  3 

 Valid phase: vapor-liquids 
 Pressure: 1 bar 

 CONDENSER  Flash 2  Flash type: temperature-pressure  Temperature: 25  °C 
 pressure: 1 bar 

 REGENERATOR  Mixer  Valid phase: vapor-liquids  Pressure: 1 bar 

 PUMP  Pump  Discharge pressure: 1bar 
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 2.3 Reaction mechanisms in the Aspen simulated ICCM process 

 The  types  of  amines  used  in  this  study  is  alkanolamine  which  is  composed  of  amino  and 

 alcohol  groups  (Muchan  et  al.,  2017).  Alkaoamine  can  be  further  categorized  into  primary, 

 secondary,  and  tertiary  amines,  depending  on  the  number  of  carbons  attached  to  the  amino 

 nitrogen.  Primary  and  secondary  amines  involve  carbamate  formation  when  reacting  with  CO  2 

 (Liu  et  al.,  2021).  On  the  other  hand,  tertiary  amines  belong  to  the  direct  bicarbonate-formation 

 groups  (Ji  et  al.,  2018).  For  primary  amines,  the  maximum  absorption  capacity  is  0.5  mol 

 CO  2  /mol  amine,  which  has  a  relatively  fast  reaction  rate  (Ji  et  al.,  2018).  Secondary  and  tertiary 

 amines  have  higher  loadings  of  up  to  1  mol  CO  2  /mol  amine  (Chen  et  al.,  2021).  However,  the 

 tertiary  amines  accept  protons  at  a  slower  rate,  compared  to  both  primary  and  secondary  amine, 

 because  they  have  steric  hindrance  which  converts  carbamates  to  HCO  3 
 -  ,  but  this  process  will 

 release more amines and can capture more CO  2  (Ji et  al., 2018). 

 The  reaction  mechanisms  of  the  amines  are  shown  in  Table  2.2,  which  occurred  after 

 water dissociation and CO  2  hydration (Liu et al.,  2021): 

 H  2  O  (l)  H  + 
 (aq)  + OH  -  (aq)  Rx 2.1 ⇔

 CO  2  (g)  + H  2  O  (l)  H  2  CO  3 
 * 

 (aq)  Rx 2.2 ⇔

 H  2  CO  3 
 * 

 (aq)  HCO  3 
 - 

 (aq)  + H  + 
 (aq)  Rx 2.3    ⇔

 HCO  3- 
 (aq)  CO  3 

 2- 
 (aq)  + H  + 

 (aq)  Rx 2.4 ⇔

 In  the  table  2.2,  primary  and  secondary  amines  were  shown  in  the  form  of  R1R2NH, 

 where  R1=H  and  R2=C  2  H  4  OH  for  MEA,  and  R1=R2=C  2  H  4  OH  for  DEA.  Tertiary  amines  (TEA 

 and  MDEA)  were  represented  as  R1R2R3N,  where  R1=R2=C  2  H4OH  and  R3=CH  3  (  Maakoul  et 
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 al.  2021)  .  In  the  case  of  mixed  amines  (MEA/MDEA),  the  overall  reaction  mechanisms  are  the 

 combination reactions of each individual amine (Conway et al., 2015). 

 Then  the  last  step  in  the  ICCM  process  is  forming  precipitates  from  Ca-bering  solids 

 which were CaO in our study, through carbonation reactions (Ji et al., 2018): 

 CaO  (s)  + H  2  O → Ca  +  + 2OH  −  Rx 2.5 

 HCO  3 
 -  + OH  −  ↔ CO  3−  + H  2  O  Rx 2.6 

 Ca  2+  + CO  −  ↔ CaCO ↓  Rx 2.7 
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 Table 2.2 Reaction mechanisms of amine-based solvents in the ICCM simulation process 

 Name Abbreviation  Structure  Reactions with CO  2  (Muchan et al., 2017; Gao  et al., 2017; Osman et al., 2012). 

 Monoethanolamine  MEA 

 (C  2  H  7  NO) 

 1.  R1R2NH + CO  2  (aq) ←→ R1R2N  +  HCOO- (zwitterion) 

 2.  R1R2NH + R1R2NH  +  COO  -    ←→ R1R2N  +  H2 +R1R2NCOO  -  (carbamate) 

 3.  R1R2NCOO  -  + H  2  O ←→ R1R2NH (free amine) + HCO  3 
 -   (bicarbonate) 

 Diethanolamine  DEA 

 (C  4  H  11  NO  2  ) 

 1.  R1R2NH + CO  2  (aq) ←→ R1R2N  +  HCOO- (zwitterion) 

 2.  R1R2NH + R1R2NH  +  COO  -    ←→ R1R2N  +  H2 +R1R2NCOO  -  (carbamate) 

 3.  R1R2NCOO  -  + H  2  O ←→ R1R2NH (free amine) + HCO  3 
 -   (bicarbonate) 

 Triethanolamine  TEA 

 (C  6  H  15  NO  3  ) 

 1.  R1R2R3N+ H  +  ←→ R1R2R3NH  + 

 2.  R1R2R2N + CO  2  + H2O ←→ R1R2R3NH  +  + HCO  3 
 - 

 Monoethanolamine/ 

 Methyldiethanolamine 

 MEA/MDEA 

 MDEA: 

 1.  R1R2NH + CO  2  (aq) ←→ R1R2N  +  HCOO  -   (zwitterion) 

 2.  R1R2NH + R1R2NH  +  COO  -    ←→ R1R2N  +  H2 +R1R2NCOO  -  (carbamate) 

 3.  R1R2NCOO  -  + H  2  O ←→ R1R2NH (free amine) + HCO3  -   (bicarbonate) 

 4.  CO  2  + R1R2R3N + H  2  O ↔ R1R2R3NH  +  + HCO3  - 
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 2.4 Reaction results in the Aspen simulated ICCM process 

 Table 2.3 Reactions results of various amines in the ICCM process 
 (Fixed condition: 30wt% amines; 25 kmol/h CO  2  ; 1.6  kmol/h CaO; 1 bar;25 ℃) 

 Parameters  Units  MEA  DEA  TEA  MEA+MDEA 

 Inputs 
 CO  2  in FG  kmol/h  1.25  1.25  1.25  1.25 

 PH of fresh 
 amine solvents 

 \  12.29  11.85  11.25  12.13 

 Outputs 

 CO  2  in Exhaust 
 Gas 

 kmol/h  0.41  0.726  0.726  0.33 

 PH of CO  2  -rich 
 amine solvents 

 \  10.11  10.36  10.43  9.57 

 Absorption 
 efficiency 

 %  67.2  41.92  41.91  73.6 

 Mineralization 
 rates 

 kmol/h  0.84  0.523  0.521  1.23 

 The absorption efficiency in Table 2.3 is calculated as follows: 

 Absorption efficiency =  Eq 2.1 
( 𝐶𝑂 

 2 
    𝑖𝑛     𝐹𝐺 )   −   ( 𝐶𝑂 

 2 
    𝑖𝑛     𝐸𝑥ℎ𝑎𝑢𝑠𝑡     𝐺𝑎𝑠 )

 𝐶𝑂 
 2 
    𝑖𝑛     𝐸𝑥ℎ𝑎𝑢𝑠𝑡     𝐺𝑎𝑠    *     100%                                                    

 According  to  the  data  in  Table  2.3,  the  PH  decreased  while  amines  absorbed  CO  2  .  This  is 

 because,  based  on  RX  2.2,  the  dissociation  of  carbon  dioxide  forms  carbonic  acids  while 

 combining  with  water  in  amine  solvents,  and  the  acids  will  be  separated  into  bicarbonates  and 

 hydrogen  ions.  In  addition  to  the  fact  that  final  mineralization  rates  are  dependent  on  the  number 

 of  bicarbonates,  a  low  PH  value  also  favors  CO  2  desorption  and  results  in  higher  mineralization 
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 rates  (Du,  2017).  The  results  were  consistent  with  the  study  of  Arti  et  al.  (2016)  in  which  the 

 lowest  PH  value  produced  the  highest  mass  yield  of  mineralization  products  (g  of  CaCO  3  /g  of 

 CaCl  2  ). 

 Table 2.4 Physiochemical properties of the amine solvents at ambient conditions 

 Units  MEA  DEA  TEA  MEA+MDEA  Reference 

 Reaction rate  m  3  /kmol*s  5939  412  3.060  > 5939  Park et al. (2006) 
 Sema et al. (2013) 
 Critchfield. (1988) 
 Jiang et al. (2017) 

 Density (ρ)  g/cm  3  1.010  1.034  1.046  1.018  Zhang et al. (2015) 
 Concepción et al. 

 (2017) 
 Karunarathne et al. 

 (2020) 

 Viscosity (η)  mPa·s  2.540  3.633  3.208  2.780  Zhang et al. (2015) 
 Concepción et al. 

 (2017) 
 Karunarathne et al. 

 (2020) 

 Corrosion rate  mpy  15.500  5.400  <5.400  6.500 
 Hasib-ur-Rahman  et  al. 
 (2012) 

 Physiochemical  properties  is  the  other  way  to  explain  the  results  of  Table  2.3.  Even 

 though  the  viscosities  of  the  blended  amine  are  higher  than  MEA  (Table  2.4),  the  MEA+MDEA 

 solvents  contributed  to  the  highest  mineralization  rates  due  to  the  highest  reaction  rates  and 

 relatively  small  corrosion  rates.  This  is  because  using  a  mixture  of  amine  solvents  could  take 
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 dual  benefits  of  every  single  amine  and  enhance  capture  and  loading  performance  (  Aghel  et  al., 

 2022)  .  In  the  combination  of  MEA  and  MDEA,  MDEA  replaces  H  2  O  and  can  act  as  a  base  to 

 release  free  MEA  from  MEAH  +  ,  and  the  MEA  could  be  used  as  CO  2  adsorption  solvents  again 

 (Zhang  et  al.,  2016).  Therefore,  compared  to  using  a  single  MEA  which  is  restricted  to  the 

 maximum  loading  of  50%,  adding  MDEA,  which  has  a  CO  2  loading  capacity  approaching  100%, 

 can  theoretically  improve  CO  2  -capture  effieciency.  Furthermore,  as  MEA  degrades  when  contact 

 with  oxygen  (O  2  )  and  impurities,  CO  2  absorption  capacities  tend  to  decrease  in  the  scrubbing 

 process.  In  contrast,  the  study  of  Lawal  et  al.  (2005)  proved  that  the  presence  of  MDEA  in  the 

 system  of  MEA-H  2  O-CO  2  protects  MEA  from  degradation  and  reduces  the  amount  of 

 nonenvironmentally  benign  by-products.  These  findings  elucidated  why  the  blended  amine 

 resulted in the greatest absorption efficiency. 

 In  a  single  amine-based  solution,  MEA  exhibited  the  highest  carbon  capture  and 

 mineralization  rates  compared  to  DEA  and  TEA.  This  could  be  attributed  to  the  rapid  reaction 

 rate  of  MEA,  which  is  5939  m  3  /kmol*s  in  the  system  of  MEA-CO  2  -H  2  O  at  room  temperature  and 

 atmospheric  pressure  (  Edali  et  al.,  2009).  The  higher  reaction  rates  contributed  to  greater  mass 

 transfer  rates,  deriving  higher  CO  2  absorption  and  mineralization  rates  (Chakma,  1997).  On  the 

 other  hand,  DEA,  with  a  reaction  rate  of  412  m  3  /kmol*s,  and  TEA,  with  the  lowest  reaction  rate 

 (3.060  m  3  /kmol*s)  developed  relatively  lower  mineralization  rates  than  MEA  (  Edali  et  al.,  2009). 

 Due  to  its  extremely  slow  reaction  rates,  TEA  was  predicted  to  result  in  much  lower 

 mineralization  rates.  However,  the  absorption  efficiencies  of  DEA  and  TEA  were  comparable, 

 which  may  be  attributed  to  the  relatively  lower  viscosity  of  TEA  at  30  wt%  compared  to  that  of 

 DEA.  This  mitigates  the  negative  effects  caused  by  its  slow  reaction  times  on  carbon  capture 
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 effectiveness.  Table  2.4  also  showed  that  TEA  is  less  corrosive  than  DEA,  and  this  is  because 

 TEA  does  not  produce  carbamate  ions  (DuPart  et  al.,  1993;  Mazari  et  al.,  2020).  This  may  also 

 account for the slight difference between DEA and TEA absorption efficiency. 

 2.5 Univariate analysis 

 2.5.1 Calcium oxide (CaO) flow rates 

 Figure 2.2 Effects of CaO flow rates on final mineralization rates. 

 Concentrations  of  solvents  =  30  wt%  (MEA  +  MDEA  ：  15  wt%  +  15  wt%);  flue  gas  flow 

 rate=25kmol/h;absorption temperature =25℃; flue gas temperature = 25℃. 

 Figure  2.2  s  howed  that  when  CaO  flow  rates  were  less  than  0.5  kmol/h,  all  types  of 

 solvents  exhibited  an  identically  linear-shaped  increase  in  mineralization  rates.  This  was  because 

 when  flow  rates  were  less  than  0.5  kmol/h,  CaO  was  undersaturated  for  the  four  types  of  amines, 

 compared  to  the  amount  of  CO  2  absorbed  by  the  solvents.  As  a  result,  the  dissolved  Ca  2+  was 
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 completely  consumed  by  the  captured  CO  2  .  The  rising  trend  was  attributed  to  the  increased 

 availability  of  reactants  for  carbonation  processes  at  high  CaO  flow  rates.  As  the  flow  rate 

 approached  0.7  kmol/h,  DEA  and  TEA  began  to  stabilize,  resulting  in  mineralization  rates  of 

 0.523  kmol/h  and  0.521  kmol/h,  respectively.  After  the  CaO  flow  rate  reached  0.9  kmol/h  and 

 1.3  kmol/h,  respectively,  the  mineralization  rates  of  MEA  and  the  blended  MEA+MDEA 

 remained  constant,  resulting  in  much  higher  mineralization  rates  than  DEA  and  TEA. 

 Stabilization  stages  exhibited  excessive  Ca  2+  that  was  far  in  excess  of  what  was  required  and 

 could  desorb  all  CO  2  while  regenerating  protonated  amines.  Due  to  the  complete  depletion  of 

 CO  2  in  solvents,  any  additional  increase  in  CaO  flow  rates  would  not  increase  mineralizations. 

 At  that  time,  CO  2  availability  was  the  determining  factor  for  mineralization  rates,  and  the  low 

 mineralization  rates  of  DEA  and  TEA  could  be  attributed  to  their  inferior  CO  2  absorption 

 abilities compared to MEA and blended amine. 

 2.5.2 Concentrations of amine solvents 
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 Figure 2.3 Effects of solvents’ concentrations on final mineralization rates 

 MEA*  +  MDEA:  MEA  has  a  fixed  value  of  5wt%  with  MDEA  changing  from  0-80  wt%  ；  MEA 

 +  MDEA*:  MDEA  has  a  fixed  value  of  5wt%  with  MEA  changing  from  0-80  wt%.  Absorption 

 temperature  =25℃;  flue  gas  flow  rate=25kmol/h;  CaO  flow  rate  =  1.6  kmol/h;  flue  gas 

 temperature = 25℃. 

 This  study  examined  the  effects  of  amine  concentrations  ranging  from  5  to  85  wt%  on  the 

 final  carbon  mineralization  behavior,  using  1.6  kmol/h  CaO  and  25  kmol/h  DSFG  at  ambient 

 pressure  and  temperature.  Figure  2.2  showed  that  CaO  at  1.6  kmol/h  could  support  the  complete 

 conversion  of  CO  2  .  At  this  time,  the  only  factor  limiting  the  final  mineralization  rate  was  the 

 availability  of  CO  2  ,  and  CO  2  availability  under  fixed  DSFG  flow  rates  and  absorption 

 temperature  would  be  determined  by  the  concentration  of  amine  solvents.  Figure  2.3  showed  that 

 the  mineralization  rates  of  MEA  and  blended  amines  exhibited  increasing  trends  with  higher 

 concentrations.  This  was  because  the  presence  of  a  large  number  of  solvents  stimulates  not  only 

 CO  2  absorption  but  also  the  dissolution  of  CaO.  The  statement  was  proved  by  Ji  et  al.  (2021) 

 who  used  Ca(OH)  2  as  minerals  to  investigate  the  effects  of  amines’  concentration  on  final  carbon 

 mineralizations.  They  stated  that  increasing  the  concentration  enhanced  interactions  between 

 amino  groups  and  active  sites  of  Ca(OH)  2  and  could  release  more  Ca  2+  and  OH  -  ,  which  resulted 

 in  higher  mineralization  rates  (Ji  et  al.,  2021).  Compared  to  Ca(OH)  2  ,  CaO  contains  more  active 

 sites  and  hydroxyl  groups  (Petitjean  et  al.,  2010).  Therefore,  the  addition  of  amine  solvents  could 

 result  in  more  pronounced  interactions  between  amino  groups  and  CaO,  thereby  enhancing 

 mineralization  rates.  In  contrast,  the  decreasing  trend  of  TEA  and  DEA  may  be  attributable  to  the 
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 formation  of  gel-like  fluids  at  high  concentrations,  which  inhibits  mineralization  processes  (Liu 

 et al., 2021). 

 The  other  important  finding  in  single  amine  solutions  was  that  when  concentrations  were 

 less  than  30  wt%,  both  MEA  and  DEA  performed  better  than  TEA.  This  was  because  TEA  as  a 

 tertiary  amine  does  not  react  directly  with  CO  2  ,  resulting  in  low  reaction  and  mineralization  rates 

 (  Edali  et  al.,  2019)  .  In  addition,  bulky  groups  and  unstable  intermediates  of  TEA  impeded  their 

 reactions  with  CO  2  (Kang  et  al.,  2017).  However,  after  30  wt%  ,  TEA  performed  slightly  better 

 than  that  of  DEA,  resulting  in  higher  mineralization  rates.  The  viscosities  of  amines  explain  this 

 phenomenon:  viscosities  of  DEA  increase  along  with  the  increased  concentration  of  amine 

 solvents, and the viscosities induce difficulties in CO  2  desorption from CaO (  Aghel et al., 2020). 

 Based  on  the  data  from  Concepción  et  al.  (2017),  with  a  concentration  of  10  and  20  wt% 

 at  1  bar  and  room  temperature,  the  viscosities  of  DEA  are  similar  to  that  of  TEA.  Therefore, 

 viscosities  were  not  taken  into  account  for  DEA  and  TEA  at  low  concentrations,  and  the  fast 

 reaction  rates  of  DEA  in  the  amine-CO  2  -H  2  O  system  led  to  higher  mineralization  rates  under  the 

 conditions.  However,  as  concentration  increased  from  10  wt%  to  40  wt%,  viscosities  of  DEA 

 increased  from  1.493/mPa·s  to  6.2479  /mPa·s  (Concepción  et  al.,  2017),  and  the  high  viscosities 

 promoted  the  formation  of  gel-like  fluids  and  inhibited  carbon  mineralizations  (Liu  et  al.,  2021). 

 Moreover,  as  the  concentration  gets  higher,  the  viscosity  of  DEA  increases  at  a  greater  rate, 

 esulting  in  a  subsequent  decrease  in  mineralization  rate  (Concepción  et  al.,  2017).  TEA  also  had 

 increased  viscocities  under  higher  concentrations,  but  the  increasing  level  was  insignificant 

 versus  DEA.  Compared  to  DEA  and  TEA,  which  have  viscosities  of  3.633  and  3.2075/mPa·s 

 respectively  at  30  wt%,  MEA  has  a  much  lower  value  of  2.54/mPa·s  at  the  same  concentration 
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 (Concepción  et  al.,  2017;  Zhang  et  al.,  2015).  This  is  also  one  of  the  reasons  that  MEA 

 performed better than any of the single amines used in this study. 

 For  blended  amines,  when  the  concentration  of  blended  amines  exceeded  10  wt%,  MEA* 

 +  MDEA  outperformed  MEA  +  MDEA*,  which  was  attributed  to  the  dominance  of  MEA  in  the 

 former  situation.  This  result  was  consistent  with  Sema  et  al.  (2012)  who  stated  that  in  the 

 blended  MEA-MDEA  system,  higher  ratios  of  MEA  offer  more  reactive  molecules  for  absorbing 

 CO  2  .  Moreover,  higher  MEA  concentrations  in  the  blended  solutions  may  also  reduce  the 

 viscosity  of  the  system  at  room  temperature.  For  instance,  when  the  blended  ratio  for  MDEA: 

 MEA  was  25:5,  the  viscosity  was  3.034  /mPa  ·s  ,  but  it  decreased  to  2.780  /mPa  ·s  when  the  ratio 

 was changed to 15:15.  (Karunarathne et al., 2020). 

 2.5.3 Absorption temperature 

 Figure 2.4 Effects of absorption temperatures on final mineralization rates. 
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 Concentrations  of  solvents  =  30  wt%  (MEA  +  MDEA  ：  15  wt%  +  15  wt%);  flue  gas  flow 

 rate=25kmol/h; CaO flow rate = 1.6 kmol/h; flue gas temperature = 25℃. 

 Figure  2.4  demonstrated  that  MEA  and  blended  amines  maintained  nearly  constant 

 mineralization  rates,  which  can  be  attributed  to  their  high  reaction  rates.  Figure  2.5  displayed  that 

 both  MEA  and  high  MEA  blended  solvents  had  a  temperature  increase  at  the  top  stages  of  the 

 ABSORBER,  which  means  CO  2  -capture-induced  exothermic  reactions  occurred  at  the  very 

 beginning  of  the  absorption  phase.  As  the  flow  rates  in  the  Aspen  simulation  processes  were 

 significantly  higher  than  those  typically  employed  in  experimental  conditions,  rapid  reactions  of 

 the  solvents  may  reduce  detention  time  to  seconds.  Consequently,  the  temperature  may  not 

 significantly  affect  the  reactions.  The  result  was  consistent  with  Zhang  et  al.  (2020)  who  used 

 MDEA  +  MEA  as  solvents  and  Ca(OH)  2  as  minerals  in  the  ICCM  process,  and  they  concluded 

 that increasing temperature alone is not effective in improving desorption rates. 
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 Figure 2.5 Temperature profile for stages in the ABSORBER 

 However,  for  DEA,  TEA,  and  high  MDEA  blended  solvents  (5wt%  MEA  +  25  wt% 

 MDEA),  the  temperature  increased  in  the  later  stages  (Figure  2.5),  indicating  low  reaction  rates. 

 Low  reaction  rates  lengthened  the  time  CO  2  and  solvents  were  in  contact,  making  temperature  a 

 crucial  factor  in  the  absorption  process  and  subsequent  mineralization  rates.  The  high  absorption 

 temperature  decreased  the  solubility  and  availability  of  CO  2  in  the  absorption  and  desorption 

 processes,  thereby  decreasing  the  final  mineralization  rates  for  DEA  and  TEA.  The  relatively  flat 

 temperature  changes  for  DEA  and  TEA  in  Figure  2.5  also  supported  our  statements  that  less  CO  2 

 was  absorbed  in  the  solvents:  as  an  exothermic  reaction,  the  temperature  would  rise  if  a  large 

 amount  of  CO  2  was  absorbed  (Xiao  et  al.,  2018).  As  a  result,  DEA  and  TEA  produced  fewer 

 29 



 zwitterions  and  carbamates,  reducing  their  mineralization  rates.  The  other  explanation  is  that 

 relatively  low  temperature  (~30  ℃)  in  the  CO  2  -rich  DEA  and  TEA  could  not  provide  additional 

 heat  for  the  desorption  processes  in  the  MINERALIZATION  REACTOR,  which  caused  low 

 mineralization rates. 

 2.4 Gas flow rate 

 Figure 2.6 Effects of flue-gas flow rates on final mineralization rates. 

 Concentrations  of  solvents  =  30  wt%  (MEA  +  MDEA  ：  15  wt%  +  15  wt%);  CaO  flow  rate=  1.6 

 kmol/h; absorption temperature =25℃; flue gas temperature = 25℃. 

 Figure  2.6  showed  that  as  flue  gas  flow  rates  increased,  mineralization  rates  were  also 

 improved  for  all  types  of  amines.  With  a  constant  CO  2  concentration  of  5%  in  the  DSFG,  high 

 flow  rates  indicate  a  high  molecular  concentration  of  CO  2  ,  which  increased  the  formation  of 

 zwitterions  and  carbamates  in  CO  2  -rich  amine  solvents,  thereby  enhancing  the  formation  of 
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 bicarbonate  ions  and  final  mineralization  rates  (  Rivera  and  Gerven,  2020)  .  Moreover,  the  higher 

 gas  flow  rate  increased  bubble  velocity  and  created  turbulence  in  the  ABSORBER,  and  a  highly 

 turbulent  environment  would  enhance  the  effective  mass  transfer  area  (Ma  et  al.,  2020).  In  other 

 words,  he  relative  velocity  between  the  particles  and  the  fluid  favored  greater  mass  transfer 

 coefficients  in  the  presence  of  high  gas  flow  rates  (Haugen  et  al.,  2017).  The  sudden  increase  in 

 mineralization  rates  from  0.84  kmol/h  to  1.42  kmol/h  when  flue-gas  flow  rates  increased  from  25 

 to  30  koml/h  was  attributed  to  PH  swing.  When  the  flue-gas  flow  rate  was  25  kmol/h,  the  PH 

 value  of  CO  2  -riched  MEA  was  10.11,  while  the  flow  rate  further  enhanced  to  30  kmol/h,  the  PH 

 value  decrease  to  9.74.  At  this  time,  the  PH  was  in  the  most  sensitive  range  (8-10)  for  CO  2 

 desoprtion  in  MEA  systems,  as  demosrated  by  Du  (2017),  so  the  mineralization  rates  increased 

 significantly compared to reactions at other flow rates. 
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 CHAPTER 3 

 OPTIMIZATION OF THE ICCM PROCESS BY MACHINE 

 LEARNING ALGORITHMS 

 3. 1 Data Preprocessing 

 The  simulation  of  various  operational  conditions  in  Chapter  2  generated  a  total  of  1290 

 data.  With  the  gathered  data,  programming  applications  (R  programming)  and  machine  learning 

 algorithms  were  used  to  develop  a  framework  for  predicting  CO2  mineralization  rates.  80%  of 

 the  generated  data  were  used  as  training  data,  while  the  remaining  20%  were  testing  datasets. 

 Both  datasets  were  preprocessed  by  scaling  the  dataset  into  values  between  0-1  with  Min-Max 

 normalization.  Normalization  techniques  are  frequently  employed  for  the  manipulation  of  data, 

 either  to  scale  down  or  scale  up  the  range,  particularly  for  forecasting  issues  (Patro  &  Sahu, 

 2015).  The  normalization  strategy  prevents  the  formation  of  significant  variation  in  prediction  by 

 converting  independent  and  dependent  variables  within  the  same  predetermined  boundary.  The 

 used normalization equation is as follows: 

 normalized data =  Eq 3.1  𝑡𝑟𝑢𝑒     𝑣𝑎𝑙𝑢𝑒    −    𝑚𝑖𝑛 ( 𝑥 )
 𝑚𝑎𝑥 ( 𝑥 )− 𝑚𝑖𝑛 ( 𝑥 )

 min and max values are presented in Table 3.1. 
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 Table 3.1 The range of independent variables 

 Parameters  Units  Min  Max  Increments 

 Concentration of 
 solvents 

 wt%  5  85  5 

 Flue gas flow rates  kmol/h  5  35  5 

 Pressure  bar  0.1  1  1 

 Absorption 
 temperature 

 ℃  20  90  5 

 Gas temperature  ℃  20  90  5 

 3.2 Models 

 Figure 3.1 The flowchart for machine learning based predictions 
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 As  stated  previously,  Aspen  generated  data  were  divided  into  8:2  of  training  :  testing  with 

 6  feature  variables.  Each  machine  learning  model  (SVM,  DTR,  KNN,  ANN,  Lasso,  and  Ridge 

 regression)  received  these  data  as  inputs,  and  each  model  predicted  different  mineralization  rates 

 as  outputs.  R  2  indicates  the  correlation  between  predicted  and  actual  values.  In  addition,  Mean 

 Absolute  Error  (MAE),  Mean  Absolute  Percentage  Error  (MAPE),  and  Root  Mean  Square  Error 

 (RMSE)  were  used  to  evaluate  the  accuracy  of  each  model's  predictions,  while  Mean  Bias  Error 

 (MBE) revealed whether the prediction results were negatively or positively biased. 

 3.3.1 Support Vector Machine (SVM) 

 SVM  was  developed  by  Vapnik  who  introduced  the  Vapnik-Chervonenkis  theory,  and  the 

 model  is  built  on  the  structure  risk  minimization  principle  which  introduces  a  trade-off  between 

 complexity  and  errors  (Hao  et  al.,  2020;  Liu  et  al.,  2019).  The  basic  steps  of  SVM  are  to  separate 

 input  training  data  into  their  respective  categories  and  set  up  boundaries  between  them.  The  data 

 used  to  categorize  these  classes  are  called  support  vectors,  and  these  boundaries  are  named  as 

 decision  boundaries  or  hyperplanes  (Ozbas  et  al.,  2019).  The  main  function  of  the  hyperplanes  is 

 to  distinguish  new  inputs  from  test  data  into  one  of  the  separated  categories  and  predict  their 

 numeric  values.  Therefore,  the  main  targets  of  using  SVM  should  focus  on  how  to  draw  the 

 decision boundaries. 

 The  area  between  the  support  vectors  and  the  decision  boundaries  is  called  margins,  and 

 the  distance  of  the  margin  represents  the  significance  of  the  difference  between  classes  (Cheng 

 and  Yang,  2007).  A  larger  marginal  distance  implies  greater  difference  between  classes,  which 
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 are  easier  for  models  to  define  the  categories  of  a  new  input  data.  Therefore,  when  SVM  is  used 

 to seek optimization, the algorithm is trying to find the maximum margin (Saha et al., 2021). 

 Figure 3.2 Graphical representation for principles of SVM separation 

 However,  in  reality,  data  is  usually  non-linearly  distributed.  At  this  time,  the  kernel 

 function  will  be  used  to  model  non-linear  decision  boundaries  by  mapping  low-dimensional 

 vectors  into  high-dimensional  space  (Wang  et  al.,  2018).  There  are  four  commonly  used  kernel 

 functions:  Linear,  Polynomial,  Gaussian,  and  Sigmoid  (Wang  et  al.,  2018).  Many  researchers 

 used  Gaussian  Kernel  Function  (KF)  in  SVM  for  prediction  purposes  because  it  can  result  in 

 complex  boundaries  by  adjusting  only  one  parameter,  making  the  process  easy  to  handle  (Wang 

 et  al.,  2018).  Besides,  based  on  the  statement  of  Wang  et  al.  (2015),  Gaussian  KF  can  divide 

 feature  space  into  infinite  dimensions,  so  all  data  in  the  feature  space  can  be  separated  linearly. 

 Therefore,  in  this  study,  we  chose  Gaussian  Radical  KF.  The  equation  of  the  KF  is  as  follows 

 (Al-Mejibli et al., 2020): 
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 K (X,Y) = exp (-γ | X - Y| 2)                                                    Eq 3.2 

 where  X  and  Y  act  as  the  vectors  in  the  input  space,  and  γ  (γ  >0)  represents  the  gamma  parameter 

 in the kernel function. 

 The  other  important  parameter  in  the  SVM  model  is  the  penalty  parameter  C  which  is 

 used  to  keep  the  balance  between  margin  maximization  and  training  error  minimization  (Rashidi 

 et  al.,  2016).  The  trial  and  error  method  was  used  in  this  study  to  choose  the  best  number  of  γ 

 and  C  for  both  the  training  and  test  dataset  to  avoid  overfitting,  and  combinations  resulting  in  the 

 lowest RMSE were chosen (Table 3.2)  (Rashidi et al., 2016 & Velasco et al., 2022). 
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 Table 3.2 Tuning parameters for machine learning models 

 Model  Tuning parameters  Notations  Tuning methods  Tuning range  Optimal value 

 SVM 

 spread of the kernel  γ  trial-and-error  {0.01,10}  0.16 

 penalty value  C  trial-and-error  {1,100}  20 

 DTR 

 complexity  cp  trial-and-error  {0.01,0.95}  0.01 

 minimum observations  minsplit  trial-and-error  {1, 20}  11 

 KNN  number of neighbors  k  trial-and-error  {1, 30}  2 

 ANN  number of hidden layers  size  trial-and-error  {2, 30}  5 

 Lasso  degree of shrinkage  λ  cross-validation  -  0.001 

 Ridge  degree of shrinkage  λ  cross-validation  -  0.020 
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 3.3.2 Decision Tree Regression (DTR) 

 DTR  was  invented  in  1960’s,  and  it  is  built  by  root  nodes,  internal  nodes,  leaf  nodes,  and 

 branches  (Song  and  Lu,  2015).  In  DTR,  root  nodes  represent  the  entire  sample  or  population. 

 The  dataset  is  originally  divided  into  mutually  exclusive  groups  by  internal  nodes,  and  each 

 group  will  have  a  specific  outcome,  either  as  a  value  or  a  subset  (Song  and  Lu,  2015).  Nodes  of  a 

 value  or  subset  that  do  not  further  split  are  called  leaf  nodes  or  terminal  nodes  (Kuhn  et  al., 

 2013).  If  the  jth  feature  variable  x^{(j)}  and  its  value  s  in  the  training  set  are  used  as  the  splitting 

 node, two regions will form: 

 R  1  (j, s) = {x|x  (j)  ≤ s }  Eq 3.3 

 R  2  (j, s) = {x|x  (j)  > s }  Eq 3.4 

 Figure 3.3 Error rates versus complexity/tree size in the DTR model 
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 The  target  of  DTR  is  to  balance  the  outcome  between  sensitivity  and  specificity  for 

 predicting  the  target  through  the  splitting  (Kuhn  et  al.,  2013).  Therefore,  the  key  to  using  DTR  is 

 to  decide  how  to  split  nodes,  or  how  to  find  appropriate  x  (j)  (Eq  3.3  &  3.4)  with  the  value  of  the 

 “s”.  This  could  be  represented  by  the  minimal  number  of  observations  in  a  split  node  (minsplit). 

 Complexity  parameter  (cp),  which  controls  the  size  of  the  regression  tree,  is  also  a  critical 

 variable  in  the  model.  The  cp  value  eliminates  splits  that  add  little  or  no  value  to  the  tree,  acting 

 like  a  stopping  rule.  Therefore,  finding  the  best  cp  stands  for  choice  of  the  optimal  tree  size, 

 which  avoids  results  of  overfitting  (Kuhn  et  al.,  2013).  For  regression  analysis,  models  with  low 

 RMSE  are  usually  classified  as  exemplary  models,  so  we  used  grid-based  (trail-and-error)  tuning 

 parameters  to  find  the  best  combinations  between  cp  and  minsplit.  In  our  data,  when  the  number 

 of  minimum  observations=  11  and  cp  =  0.01  (Figure  3.5),  there  was  the  smallest  RMSE,  and 

 method  ANOVA  was  used  in  the  prediction  model  because  our  output  value  has  a  numeric 

 feature. 
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 Figure 3.4 Visualization of Decision Tree Regression 

 Figure  3.4  interpreted  the  splitting  process  of  the  DTR  in  this  study.  In  the  figure,  except 

 the  mineralization  rates  and  percentages  shown  in  the  boxes,  all  other  variables  are  in  a 

 normalized  form  which  can  be  converted  back  by  using  the  normaliation  function  (Eq  3.1).  Each 

 box  in  the  figure  displays  the  mean  value  of  the  nodes  and  the  percentage  of  node-containing 

 observations.  For  example,  the  predicted  “mineralization  rates”  at  the  root  is  the  mean  for  the 

 whole  testing  dataset,  which  is  2.6  kmol/h.  Then  the  first  split  node  depended  on  the 

 concentration  of  solvents.  If  the  concentration  were  smaller  than  0.31  (29.8  wt%),  the  data  would 

 be  processed  into  the  next  phase  by  using  “types  of  solvents”  as  the  decision  node.  If  the 

 solvent’s  type  is  either  DEA  or  MEA,  the  concentration  of  solvents  acted  as  the  second  decision 

 node  to  decide  their  final  desorption  rates.  On  the  other  hand,  if  the  solvents  were  TEA  or 
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 blended  solvents  (MEA+MDEA),  the  DTR  would  directly  give  an  output  with  a  desorption  rate 

 of  2.3  kmol/h.  The  figure  also  presented  that  our  optimal  tree-structure  predicted  mineralization 

 rate into eight categories with values of 0.94, 1.5, 2.1, 2.3, 2.6, 2.8, 3, 3.2 kmol/h. 

 3.3.3 K-nearest neighbor (KNN) 

 KNN  is  a  supervised  machine  learning  technique  that  is  being  widely  used  for  both 

 classification  and  regression  (  Cristian,  2018  ).  The  model  decides  the  number  of  nearest 

 neighbors  based  on  some  computational  rules,  and  the  average  value  of  these  selected  features 

 will  act  as  the  predicted  outcome  (Liu  et  al.,  2020).  Based  on  the  principle  of  KNN,  the  value  of 

 k  is  a  vital  parameter  for  getting  an  accurate  prediction  output.  In  this  study,  the  K  contributing  to 

 the  smallest  RMSE  would  be  chosen  as  the  K-value  in  the  model.  The  range  of  K  value  started 

 from  k=1  to  k  =  30  (the  square  root  of  the  number  of  points  in  the  training  set)  (Hassanat  et  al., 

 2014).  Results  showed  that  when  k  equaled  to  2,  RMSE  was  the  smallest  one  with  a  value  of 

 0.0079, so k=2 was used in the model (Table 3.2). 

 After  choosing  the  number  of  neighbors,  the  next  important  step  is  to  determine  which 

 two  points  should  be  chosen  in  the  training  dataset.  In  KNN,  the  points  are  chosen  based  on  the 

 distance  between  test  points  and  all  other  points  in  the  training  data,  and  the  two  points  resulting 

 in  the  shortest  distance  should  be  chosen.  In  this  paper,  Minkowski  distance  was  used  to 

 calculate  the  minimum  distance  between  the  predicted  value  and  training  features.  Equation  of 

 Minkowski  distance of order m (m is integer)  is as  follows (  Yesilbudak et al., 2017)  : 

 DMink (pi, qj) = (|p  i1  - q  j1  |  m  + |p  i2  - q  j2  |  m  + …  + |p  i(n-1)  - q  j(n-1)  |  m  + |p  in  - q  jn  |  m  )  Eq 3.5 
 1 
 𝑚 
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 where p and q are two points in n dimensions,  and m is a value to manipulate types of distance 

 metrics. For example, if  P equals 1, the Minkowski distance is equivalent to the Manhattan 

 distance; if P is 2, it approaches the Euclidean distance (Xu et al., 2019). 

 3.3.4 Artificial Neural Network (ANN) 

 ANN  is  a  popular  and  effective  method  for  nonlinear  regression  problems,  especially 

 when  relationships  between  inputs  and  outputs  are  unknown  (Tso  &  Yau,  2007).  The  principle  of 

 the  ANN  working  process  is  similar  to  human  neural  networks.  The  main  difference  is  that 

 linkage  between  neurons  in  ANN  is  shown  in  numerical  weights  (Shin  et  al.,  2019).  ANN 

 contains  three  basic  layers:  one  input  layer,  one  output  layer,  and  one  or  more  hidden  layers 

 (Yahya  et  al.,  2020).  The  defined  three  layers  are  consistent  with  the  Multi-Layer  Perceptron 

 (MLP)  concept.  This  paper  used  MLP  to  process  data  from  lower  to  upper  layers  (Shin  et  al., 

 2019).  In  MLP,  backward  propagation  of  errors  could  minimize  information  loss  by  determining 

 the  loss  of  every  node  and  then  reducing  the  weights  of  high  error  nodes,  and  vice  versa  (Karlik 

 and Olgac, 2011). 

 Choosing  the  number  of  hidden  layers  is  the  first  step  in  ANN.  Shin  et  al.  (2019)  stated 

 that  one  hidden  layer  is  sufficient  for  most  problems.  Hajek  and  Henrique  (2017)  also  proposed 

 that  more  than  one  hidden  layer  could  result  in  overfitting  under  certain  conditions.  Therefore, 

 this  paper  also  chose  to  use  one  hidden  layer,  and  the  next  step  to  determine  the  number  of 

 neurons  in  the  hidden  layer.  The  number  of  neurons  was  calculated  by  “trial  and  error  method,” 

 and  the  number  resulting  in  the  smallest  RMSE  was  used.  The  number  was  tested  from  2  to  30, 

 which  was  in  the  range  of  many  published  studies  (Alsina  et  al.,  2016;  Syahrullah  &Sinaga, 
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 2016;  Rahimi-Ajdadi  &  Abbaspour-Gilandeh,  2011;  Esfe  et  al.,  2016).  The  results  showed  that 

 when  neurons  equaled  to  5,  the  smallest  RMSE  of  0.0239  was  produced  (Table  3.2).  Therefore, 

 the  topology  of  our  ANN  model  is  6-5-1,  which  stands  for  6  input  variables,  5  neurons  on  one 

 layer, and 1 output. 

 Figure 3.5 Schematic of 6-5-1 artificial neural network 

 The  other  unique  parameter  included  in  ANN  is  the  activation  function.  Activation 

 functions  describe  relationships  between  nodes,  either  linear  or  nonlinear,  and  transform 

 information  in  neurons  into  an  output  signal  (Shin  et  al.,  2019).  There  are  three  types  of 

 activation  functions:  sigmoid,  tanh  and  ReLu.  The  sigmoid  function  is  an  S-shaped  figure  with 

 values  ranging  from  0  to  1;  ReLu  stands  for  Rectified  Linear  Unit  with  values  from  0  to  infinite, 

 and  Tanh  ranges  from  -1  to  1  (Karlik,  2011).  For  regression  models,  tanh  outperforms  sigmoid 

 (Shin  et  al.,  2019).  The  statement  was  portrayed  in  the  study  of  Shin  et  al.  (2019)  who  used  ANN 

 to  predict  the  concentration  of  nitric  acid,  which  solved  a  similar  prediction  problem  as  our 

 study.  Furthermore,  Karlik  and  Olgac  (2011)  tested  the  effect  of  using  different  activation 
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 functions  with  500  iterations  and  40  hidden  neurons.  With  the  same  number  of  iterations  and 

 neurons  in  hidden  layers,  their  results  showed  that  the  tanh  activation  function  was  the  most 

 suitable  one  for  all  test  parameters  (Karlik  and  Olgac,  2011).  Therefore,  this  study  used  tanh 

 activation function. 

 3.3.5 Least Absolute Shrinkage and Selection Operator (Lasso) Regression 

 Lasso  regression  is  also  called  the  L1  penalty  method,  which  uses  penalized  or 

 regularization  regression  techniques  to  improve  prediction  performance  on  extreme  observations 

 (Ranstam  &  Cook,  2018).  The  other  function  of  Lasso  regression  is  to  solve  the  problem  of 

 underlying  collinearities  which  tend  to  result  in  inaccurate  estimations  of  the  optimal  values 

 (Mahata et al., 2020). The basic linear regression equation is as follows: 

 f(x) = wX + b                                                             Eq 3.6 

 where w is the weight vector (Hao et al., 2020). 

 Y = β  0  + β  1  X  1  + β  2  X  2  + β  3  X  3  + … +ϵ  Eq 3.7 

 In  multivariate  regression,  the  equation  is  revised  as  above,  which  has  p  feature  space.  β  0 

 is  the  intercept,  and  β  1  is  called  the  coefficient  of  X  1  .  ϵ  is  the  random  error  of  real  values.  Based 

 on  the  equation,  it  is  hard  to  get  accurate  β,  (β  =  (  β  1  .  β  2  ….  β  p  )  T  ),  as  regression  parameters  when 

 the  dimension  of  p  is  too  large.  At  this  time,  Lasso  regression  helps  choose  the  most  related 

 variables  and  reduce  unrelated  regression  parameters  to  absolute  zero  by  imposing  a  constraint. 
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 Variants  with  a  regression  coefficient  of  zero  after  shrinkage  will  be  excluded  from  the  prediction 

 (Mozafari et al., 2020; Ranstam & Cook, 2018). 

 The  degree  of  shrinkage  is  determined  by  the  parameter  λ  (  Roberts  &  Nowak,  2014)  . 

 Therefore,  whether  in  feature  selection  or  normal  model  prediction,  λ  is  a  critical  value  to  define 

 before  using  the  model.  This  study  used  cross-validation  to  choose  lambda  with  the  least  Mean 

 Square Error (MSE), resulting in a Lambda value of 0.001 (Table 3.2). 

 Figure 3.6 MSE values of lambda in the Lasso Regression 

 3.3.6 Ridge Regression (RR) 

 Same  as  Lasso  Regression,  RR  is  also  a  penalized  regression  method  to  avoid  expansion 

 of  the  standard  errors  of  the  regression  coefficients  produced  by  multicollinearity  (Çiftsüren  & 

 Akkol,  2018).  However,  compared  to  Lasso  Regression,  RR  does  not  turn  unrelated  regression 

 parameters  to  absolute  zero.  Instead,  RR  reduces  the  value  of  the  coefficient  toward  zero,  which 

 has  the  principle  of  minimizing  the  sum  of  the  residual  squares  (  Muthukrishnan  &  Rohini,  2016  ). 

 Therefore,  without  eliminating  coefficients  of  some  features,  RR  is  a  better  regression  method 
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 when  all  predictors  are  relevant  and  when  variables  are  small.  The  equation  of  RR  is: 

 (  Muthukrishnan & Rohini, 2016  )) 

 = argmin {  (y  i  -  β  0  -  )  2  + λ  2 
 j  }                          Eq  3.8     β 

 𝑖 = 1 

 𝑁 

∑
 𝑗 = 1 

 𝑝 

∑  𝑥 
 𝑖𝑗 

 β 
 𝑗 

 𝑗 = 1 

 𝑝 

∑  β 

 Based  on  the  equation,  it  is  clear  to  interpret  RR  as  a  penalty  equivalent  to  the  square  of 

 the  magnitude  of  the  coefficients.  Argmin  means  ‘Argument  of  Minimum’  which  aims  to  get  the 

 minimum  value  of  the  function.  β  stands  for  coefficient  matrix  with  p  dimensions,  and  j  is  the  β 

 jth  coefficient.  y  i  is  the  dependent  variable.  is  the  ith  feature  variable  and  λ  controls  the  𝑥 
 𝑖𝑗 

 amount of shrinkage (Nanda et al., 2016). 

 The  procedure  of  lambda  selection  is  the  same  as  the  one  illustrated  in  Lasso  Regression. 

 K-Fold  Cross-Validation  was  used  to  find  the  optimal  lambda  value  which  resulted  in  the 

 smallest MSE, so a lambda of 0.020 was used in RR (Figure 3.7). 

 Figure 3.7 MSE values of lambda in the Ridge Regression 
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 3.4 Evaluation criteria 

 3.4.1 Statistical indicators 

 Correlation coefficient (R  2  ) is one of the most prevalent  indicators for measuring 

 forecasting  accuracy of the models by directly revealing the closeness between actual and 

 predicted values. The equation is as follows (  Ağbulut  et al., 2020)  : 

 R  2  = 1-  Eq 3.9 
         Σ( 𝑦 

 𝑖 
   − 𝑥 

 𝑖 
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 2 

 where  y  i  is  the  predicted  value;  x  i  is  the  true  value,  and  is  the  mean  value  of  the  true  data.  The  𝑥 
 𝑖 

 range  of  R  2  is  between  0  and  1,  and  values  approaching  1  stands  for  higher  agreements  between 

 predictions and observations. 

 The  percentage  differences  between  predicted  and  real  mineralization  rates  are  calculated 

 by (  Vo Thanh & Lee, 2022)  : 

 Error Rate  =  * 100  %  Eq 3.10 
    |  𝑦 

 𝑖 
   − 𝑥 

 𝑖 
 | 

 𝑦 
 𝑖 

 However,  in  regression  model  predictions,  higher  R  2  does  not  always  stand  for  higher 

 accuracy.  Therefore,  some  other  statistical  indicators,  such  as  Root  Mean  Square  Error  (RMSE), 

 Mean  Absolute  Error  (MAE),  Mean  Bias  Error  (MBE),  and  Mean  Absolute  Percentage  Error 

 (MAPE),  are  further  used  to  determine  errors  of  models  and  to  choose  the  best  model  for  process 

 optimization. 

 RMSE  is  the  standard  deviation  of  prediction  errors,  used  as  the  loss  function,  and  the 

 calculation equation is as follows: 
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 RMSE =  Eq 3.11  1 
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 where  n  is  the  total  number  of  values.  The  value  of  RMSE  means  that  for  each  predicted  value, 

 there  is  a  certain  value  of  difference  to  actual  values.  Therefore,  this  value  is  ideal  to  be  close  to 

 zero ( Ağbulut et al., 2020) 

 For  MAE,  Willmott  and  Matsurra  (2005)  stated  that  MAE  is  better  for  testing  accuracy  of 

 models  because  compared  to  RMSE,  MAE  describes  average  error  alone.  The  evaluation 

 function of MAE is: (Ozbas et al., 2019) 

 MAE =  Eq 3.12  1 
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 When  MAE  approaches  zero,  model  accuracy  is  improved  because  the  difference  between 

 predicted and observed values becomes small. 

 MAPE  is  the  other  popular  indicator  in  the  regression  prediction  analysis  because  of  its 

 intuitive  interpretation  of  errors  (De  Myttenaere  et  al.,  2016).  The  value  of  MAPE  is  reliable  if 

 no  significant  number  of  extremes  exist  in  the  dataset.  In  our  dataset,  all  observations  were 

 performed  within  a  predefined  range,  so  no  extreme  outliers  existed  in  our  dataset.  Therefore, 

 high MAPE resulting from models stands for low prediction accuracy (Agbulut et al., 2020) 

 MAPE =  * 100%  Eq 3.13  1 
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 MBE  was  also  used  in  our  model  evaluation  process,  but  it  does  not  relate  to  error 

 magnitudes.  Instead,  it  determines  whether  the  model  overestimates  or  underestimates  the 

 predicted values (Crowe et al., 2020). 
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 MBE =  Eq 3.14  1 
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 3.4.2 K-fold cross-validation 

 The  overall  prediction  performance  of  different  ML  models  were  compared  after 

 applying  K-fold  cross-validation.  K-fold  cross-validation  is  a  resampling  technique  that  splits  the 

 dataset  into  K  groups.  K-1  groups  are  training  sets,  and  the  rest  will  be  the  validation  dataset  to 

 evaluate  generalization  errors  (  Anguita  et  al.,  2009)  .  Consequently,  selecting  K  value  is  crucial 

 for  minimizing  prediction  errors.  Rodriguez  et  al.  (2010)  demonstrated  that  K=5  or  K=10  is  more 

 appropriate  for  calculating  prediction  errors,  whereas  K=2  is  optimal  for  comparing  classifiers 

 with  comparable  bias.  In  our  study,  K=5  was  chosen  due  to  the  relatively  small  sample  size. 

 Although  K=10  may  perform  better  than  K=5  at  reducing  errors,  it  requires  significantly  more 

 computational resources than K=5 (Rodriguez et al., 2010). 

 Figure 3.8 Visualization on a 5-fold validation 
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 3.5 Evaluation results 

 Figure 3.9 Correlation coefficients of the ML models 

 Figure 3.9 demonstrated that both the KNN and SVM models produced high correlation 

 factors (R2 > 0.99, P 0.05), indicating that their predictions and true values are highly congruent. 

 In addition, Figure 3.10 showed that the predictions of these two models are stable. Excluding 
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 the outlier, approximately 90% of the data in KNN have an error rate of less than 1%, Even when 

 the outlier is included, the average error value is only 0.38%, representing high agreements 

 between actual observations and KNN predicted values. Our model performed more stable and 

 accurate than Amin et al. (2017), whose data showed a minimum error of 1.255% and a 

 maximum error of 44.678%. The average error rates of SVM is  0.76%, and all error rates were 

 below 5% in which half of the points approximated a 0% error line. Furthermore, SVM model 

 has high high accuracy on predicting peak values. Furthermore, the SVM model predicts peak 

 values with a high degree of precision. By locating the optimal mineralization rate of 3.395 

 kmol/h in the observed data, the SVM predicted the value as 3.356 kmol/h, resulting in a 1.16% 

 error rate. The small percentage error proved that   the SVM model is capable of locating the 

 maximum CO  2  mineralization rate in the ICCM process. 

 Although the correlation coefficients of the ANN and DTR models are lower than those 

 of the KNN and SVM models, R  2  =0.9574 and 0.89 for  ANN and DTR, respectively, could still 

 indicate a significant agreement between observed and predicted data. Error rates for the ANN 

 model range from 0% to 22.13%, with an average error rate of 2.07%. Compared to the study by 

 Ghiasi et al. (2019), our ANN model produced more accurate forecasts.  In their study, the 

 smallest prediction error rate of the ANN model was 0 - 30.48% in the system of CO  2  + TEA + 

 H  2  O. The range became larger when predictions were  performed in the system of CO  2  + MEA + 

 H  2  O, with values ranging from 0.16 - 62.35%. For CO  2  + DEA + Water, and the range of error 

 rates further increased to 0 - 317.94% (  Ghiasi et al., 2019). In the DTR, error rates for around 

 95% of the model predictions were below 10% (Figure 3.10) with an average value of 3.04%. 

 The error values were considerably lower compared to other published works. For example, in 
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 the study of Yildiz et al. (2019) who used DTR to predict CO  2  adsorption capacity of 

 amine-functionalized MCM-41 and SBA-15, their testing error was 16.5%, with 83.5% of the 

 test data correctly classified. 

 Lasso and Ridge models performed worst among the models with both R  2  smaller than 

 0.6 (Figure 3.9).  RR had a slightly lower average error rate (7.60%) than Lasso (7.78%). To 

 predict the peak value of mineralization rates, the RR model resulted in a 6.41% error rate, which 

 underestimated the value from 3.395 kmol/h to 3.178 kmol/h. 

 To  better  confirm  the  accuracy  rank  of  the  models,  the  other  three  evaluation  metrics, 

 including MAE, MAPE, and RMSE, were used. 
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 Figure 3.10 Prediction error rates of the ML models 
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 Figure 3.11 Prediction performance of the ML models 

 (a)  MAPE values for ML model predictions (b) MAE values for ML model predictions (c) 

 RMSE values for ML model predictions 

 Based  on  the  values  of  MAE  and  MAPE,  the  prediction  accuracy  ranking  from  highest  to 

 lowest  is  as  follows:  KNN  >  SVM  >  ANN  >  DTR  >  >  Ridge  >  Lasso.  The  MAPE  and  MAE  of 

 KNN  with  the  lowest  deviation  between  predicted  and  actual  values  is  0.479%.  MAPE  values  for 

 SVM,  ANN,  DTR,  Ridge,  and  Lasso  were  0.780%,  1.621%,  3.405%,  5.447%,  and  5.490%, 

 respectively.  The  MAE  from  the  lowest  to  the  highest  is  0.0091,  0.0197,  0.0534,  0.0728,  0.1250, 

 and 0.1263. 

 However,  the  RMSE  in  our  study  shows  the  good  precision  of  the  SVM  (0.0252)  model 

 over  the  KNN  (0.0269)  model  in  estimating  mineralization  rates,  while  keeping  the  orders  of 

 other  models  the  same.  This  could  be  explained  by  the  dependence  of  RMSE  on  three 

 characteristics  of  a  set  of  errors  instead  of  the  average  error  (Willmott  et  al.,  2005).  Besides, 

 RMSE  relates  to  the  variance  of  the  dataset,  which  is  sensitive  to  even  a  small  number  of 

 outliers,  (Willmott  and  Matsuura,  2005).  Based  on  Figure  3.10,  an  outliner  existed  in  KNN 

 predictions,  which  may  explain  why  KNN  had  a  relatively  higher  RMSE  value  than  SVM. 
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 However,  the  difference  in  RMSE  between  SVM  and  KNN  was  less  than  0.002,  and  the 

 prediction  performance  based  on  MAE  and  MAPE  demonstrated  that  the  measured  data  and 

 KNN  outputs  provided  the  best  fit  and  most  satisfactory  agreement.  Therefore,  KNN  is 

 concluded  to  be  the  best  model  for  predicting  the  carbon  mineralization  rate  in  ICCM  processes 

 based on the combination of metrics. 

 MBE  was  another  metric  discussed  in  this  paper.  The  MBE  indicator  does  not  represent 

 the  magnitude  of  prediction  errors,  but  rather  the  estimated  bias.  DTR,  SVM,  KNN,  ANN, 

 Lasso,  and  Ridge  each  have  MBE  values  of  2.00x10  -2  ,  3.15x10  -3  ,  9.85x10  -5  ,  -2.83x10  -3  , 

 3.99x10  -3  ,  and  4.13x10  -3  ,  respectively.  The  only  model  with  a  negative  MBE  value  is  the  ANN 

 model,  indicating  that  the  model's  predictions  are  slightly  understated.  This  means  that  the  actual 

 mineralization  rate  may  exceed  the  predicted  ANN  value.  On  the  other  hand,  all  remaining 

 models slightly overestimated results, thereby exaggerating actual mineralization rates. 

 3.6 Discussion 

 The  result  provided  a  new  perspective  on  the  application  of  KNN  models  to  regression 

 problems,  particularly  when  KNN  outperforms  SVM.  This  is  due  to  the  fact  that  SVM  is  a 

 popular  regression  model,  whereas  KNN  is  typically  used  for  classification  problems.  One  of  the 

 characteristics  of  KNN  is  that  it  retains  all  prediction  data.  In  our  study  with  a  relatively  small 

 number  of  observations,  this  is  crucial  because  any  elimination  may  result  in  a  significant 

 change.  The  alternative  explanation  is  that  the  reaction  conditions  in  our  simulated  ICCM 

 process  were  within  a  predetermined  range,  as  extreme  operating  conditions  are  either 

 impractical  or  non-functional  for  the  process.  As  a  result,  our  dataset  had  a  low  degree  of 
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 sparsity,  which  prevented  the  lack  of  overlapping  values  and  unreliable  neighborhoods  for  KNN 

 models  (Grar  et  al.,  2006).  Consequently,  KNN  performed  well  in  our  research.  Figure  2.6  could 

 be  the  reason  for  SVM's  relatively  inferior  performance  in  comparison  to  KNN.  The  figure 

 indicated  that  the  DSFG  flow  rate  was  linearly  related  to  the  mineralization  rates  in  the 

 MEA+MDEA  -  H  2  O  -  CO  2  system,  but  SVM  is  an  attractive  algorithm  for  dealing  with 

 nonlinearly related problems. 

 DTR  had  a  lower  prediction  accuracy  than  KNN  and  SVM  because  DTR  is  oversensitive 

 to  the  training  set  (Rokach,  2016).  Consequently,  small  changes  in  the  dataset  could  result  in 

 high  variance,  which  explains  the  high  RMSE,  MAE,  and  MAPE  values  of  DTR  in  this  study. 

 Additionally,  DTR  models  exhibit  the  trait  of  "divide  and  conquer."  This  implies  that  the  models 

 partition  the  covariates'  space  recursively  into  subspaces,  with  some  fragments  containing  a 

 relatively  small  number  of  instances  (Rokach,  2016).  In  our  dataset,  for  instance,  some 

 fragmentations  contained  less  than  1%  of  the  data  (Figure  3.4),  so  the  prediction  confidence  of 

 these fragments would be limited. 

 The  high  RMSE  and  MAPE  values  of  ANN  are  due  to  the  "black  box"  nature  of  the 

 model,  which  provides  no  hints  on  the  function's  structure  (Tu,  1996).  In  addition,  the  relatively 

 low  prediction  accuracy  of  the  ANN  model  in  this  study  could  be  attributed  to  the  small  number 

 of  training  datasets.  ANN  models  perform  better  under  conditions  of  training  with  a  large  amount 

 of data.  (Ağbulut et al., 2020). 

 The  low  accuracy  of  Lasso  and  RR  models  could  be  explained  by  the  relationship 

 between  independent  variables  and  dependent  variables  in  our  dataset.  The  relationship  between 

 them  was  nonlinear  (Figure  2.3  -  2.6),  but  Lasso  and  RR  performed  better  for  linear  problems.  In 
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 addition,  our  dataset  lacked  high  collinearities,  which  led  to  the  inaccuracy  of  the  Lasso  and  RR 

 models.  RR  performed  slightly  better  than  Lasso  Regression  in  terms  of  MAE  and  MAPE 

 because  RR  never  shrinks  coefficients  to  zero  and  retains  all  variates,  which  is  important  when 

 predicting datasets with a small number of features. 

 In  conclusion,  KNN  performed  better  than  other  algorithms  in  predicting  mineralization 

 rates  in  the  ICCM  process.  SVM  performed  less  accurately  than  KNN,  but  was  still  superior  to 

 all  other  prediction  models.  Consequently,  either  KNN  or  SVM  models  could  be  used  in  practical 

 applications to improve carbon mineralization rates. 
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 CHAPTER 4 

 CONCLUSION 

 This  study  used  Aspen  Plus  to  simulate  the  ICCM  processes  and  determine  the  effects  of 

 various  factors  on  the  final  mineralization  rates.  Results  demonstrated  that  the  mineral  and  flue 

 gas  flow  rates,  solvent  concentration,  and  reaction  temperature  are  all  crucial  considerations 

 during  ICCM  implementation.  However,  certain  factors,  such  as  temperature,  only  affect  specific 

 amine  solvent  types.  For  instance,  high  temperatures  decreased  the  mineralization  rates  of  DEA 

 and  TEA,  which  have  relatively  low  reaction  rates.  However,  the  mineralization  rates  of  MEA 

 and  MEA  mixed  with  MDEA  remained  constant  at  varying  temperatures.  This  is  due  to  the  fact 

 that  the  fast  reaction  rates  of  the  two  types  of  amines  reduce  detention  time  to  seconds,  thereby 

 diminishing  the  impact  of  external  physical  conditions.  Concerning  flue-gas  flow  rates,  the 

 impact  patterns  for  all  types  of  amines  were  identical  and  positively  correlated  between  5  and  35 

 kmol/h.  CaO  flow  rate  also  had  positive  effects  on  the  final  mineralization  rates,  but  it  reached 

 saturation at certain rates, and after this point, amines entered stabilization stages. 

 The  other  important  investigation  was  that  the  concentration  of  solvents  has  dissimilar 

 impacts  on  final  mineralization  rates  by  using  different  types  of  amines.  Higher  concentrations  of 

 MEA  and  MEA+MDEA  amine  solvents  demonstrated  rising  mineralization  rates.  In  contrast, 

 DEA  and  TEA  enhanced  their  mineralization  rates  at  low  concentrations,  but  mineralization  rates 

 began  to  decline  at  high  concentrations,  with  DEA  exhibiting  a  greater  decrease.  This  may  be 

 explained by the formation of fluids with a gel-like consistency at high concentrations. 
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 After  the  univariate  analysis  for  the  simulation  process,  this  study  employed 

 Aspen-generated  data  to  develop  ML  models  that  are  capable  of  predicting  CO  2  mineralization 

 rates  in  ICCM  processes.  The  performance  of  each  model  was  assessed  by  using  statistical 

 matrices  including  R  2  ,  RMSE,  MAE,  MAPE,  and  MBE.  According  to  the  criteria,  KNN  and 

 SVM  had  significantly  higher  prediction  accuracy  than  other  employed  models.  R  2  =  0.9929, 

 RMSE  =  0.027,  MAE  =  0.012,  MAPE  =  0.479%,  and  MBE  =  9.85x10  -5  for  KNN  models;  R  2  = 

 0.993,  RMSE  =  0.025,  MAE  =  0.020,  MAPE  =  0.780%,  and  MBE  =  3.15x10  -3  for  SVM  models. 

 In  addition,  our  results  demonstrated  that  the  Lasso  and  RR  models  performed  poorly,  indicating 

 that these two models are unnecessary for non-multicollinear problems. 

 The  highly  accurate  ML  models,  especially  KNN  and  SVM,  in  this  study,  may  lead  to 

 greater  insights  into  real-world  ICCM  applications  to  mitigate  CO  2  emissions.  The  potential 

 benefits  of  employing  the  models  in  real-world  processes  include  cost  and  energy  savings,  which 

 allow  for  increased  productivity.  Furthermore,  this  study  also  demonstrated  that  combinations  of 

 different  reaction  substances  and  operating  conditions  can  remarkably  boost  the  final  carbon 

 mineralization  rates,  and  using  ML  models  to  predict  results  avoid  unnecessary  time 

 consumption  and  help  design  optimal  experimental  set-ups.  The  integrated  ML-ICCM  technique 

 is  beneficial  for  developing  smart  CCS  technologies,  which  will  improve  both  capture  and 

 storage levels in the future. 
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