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Abstract

Integrating bioenergy with carbon capture and storage (BECCS) into biomass-fired combined heat and
power (CHP) plants offers crucial potential for achieving negative emissions. To respond to fluctuating
heat demand and volatile electricity markets, CHP plants must operate dynamically, and this results in
largely fluctuating operation of CO, capture. This dissertation aims to improve the dynamic operation
of CO, capture in biomass-fired CHP plants to boost negative emissions through dynamic modelling,
advanced control and potential assessment under different operating modes.

To provide systematic guidance for selecting appropriate modelling approaches, both first principles
and machine learning (ML) approaches are established and compared. Systematic comparison is first
conducted across three first-principles models (ideal static models, dynamic models with control, and
dynamic models without control) under three varying operating parameters (flue gas flow rate, CO,
concentration, and available heat). Three ML models (Informer, long short-term memory, and back-
propagation neural network) are further compared across four applications (system identification,
monitoring, optimisation, and performance estimation). Results show that no single model consistently
outperforms the others across all cases. While Informer achieves the highest accuracy in most
applications and for most target variables, model selection should be tailored to the specific application.
Model predictive control (MPC) is then developed and evaluated for managing operational variability
of CHP plants. MPC demonstrates superior controller performance over conventional proportional
integral (PI) control, achieving a 47-62% reduction in settling time and recovery time, and a 66-74%
reduction in integrated absolute errors for CO, capture rate.

With modelling foundations, negative emission potential is evaluated at both plant and national scales
under two operating modes (OMs), both of which prioritise heat supply. OM1 maximises CO, capture
by sacrificing electricity output while maintaining heat supply, achieving 8.7 MtCO,/yr nationwide
negative emissions at a levelized cost of CO, avoided of 36.9 $/tCO,. OM2 maximises CO, capture while
maintaining both heat and electricity supply, yielding 4.3 MtCO,/yr positive emissions at 52.0 $/tCO,
(but still reducing emissions by 6.3 MtCO,/yr compared with the reference plant without CO, capture).
The biogenic fraction of fuel emerges as the critical parameter, requiring minimum fractions of 32.8%
and 84.3% for the two OMs to meet Sweden’s 3 MtCO,/yr target.

The contributions of this work include: (i) systematic guidance for dynamic model selection tailored
to different CO, capture applications, (ii) quantitative evidence of MPC’s superiority over PI control
under realistic CHP dynamic scenarios, and (iii) a national-scale BECCS potential and cost assessment
for Sweden under maintained heat supply constraints. Results demonstrate that Sweden’s BECCS
climate targets (3-10 MtCO,/yr by 2045) are technically achievable, as OM1 alone can deliver 8.7
MtCO,/yr negative emissions. The choice between operating modes represents a fundamental trade-off
between maximising carbon removal and maintaining electricity supply. These results offer quantitative
guidance for policymakers weighing carbon removal ambitions against energy system constraints.
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Summary

Integrating bioenergy with carbon capture and storage (BECCS) into bio-
mass-fired combined heat and power (bio-CHP) plants offers crucial poten-
tial for achieving negative emissions. In Sweden, biomass and waste are
widely used as fuel for CHP plants serving district heating networks. How-
ever, the dynamic operation of CHP plants introduces significant challenges
for CO; capture, stemming from fluctuating heat demand and electricity
price signals, volatile electricity markets, and variable biomass fuel proper-
ties.

Despite the growing interest in BECCS deployment in bio-CHP plants,
critical knowledge gaps remain regarding the dynamic operation of CO»
capture that hinder its effective implementation. First, how different model-
ling approaches perform across application scenarios for CO; capture in bio-
CHP plants has not been systematically compared, leaving unclear guidance
on model selection. There are also no control strategies capable of coordi-
nating heat supply, electricity market participation, and CO, capture effi-
ciency under fluctuating conditions. Furthermore, there is also a lack of
methodologies for quantifying BECCS potential in existing CHP infrastruc-
ture under realistic constraints. To address these gaps, this dissertation eval-
uates dynamic modelling and advanced control approaches for CO; capture
in bio-CHP plants and investigates their operation modes to enable effective
BECCS deployment in bio-CHP plants, contributing to Sweden’s climate
neutrality goals by 2045.

To provide systematic guidance for selecting appropriate modelling ap-
proaches, both first principles and machine learning (ML) approaches were
developed and benchmarked. This dissertation first systematically com-
pared three first-principles-based approaches, including ideal static models
(IST), dynamic models without control (Dw/0C), and dynamic models with
control (DwC), representing the first such comparison for CO, capture in
bio-CHP plants. Clear differences were identified, with captured CO, vary-
ing up to 22%. Application-specific guidance was established: Dw/oC for
understanding system dynamics, DwC for control design and hourly optimi-
sation, and IST for long-term potential estimation. Building upon this foun-
dation, ML using Informer was introduced, representing the first application
of Informer to CO, capture modelling. Informer predicted CO» capture rate
and energy use with mean absolute percentage errors (MAPEs) of 6.2% and
2.7%, respectively. Extending the ML investigation to a broader compari-
son, three ML approaches (Informer, long short-term memory (LSTM) and
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back-propagation neural network (BPNN)) were compared across four ap-
plications (system identification, monitoring, optimisation, and performance
estimation). All ML models achieve satisfactory accuracy, with most
MAPESs below 5%. Although Informer generally performs best, no single
model consistently outperforms the others, confirming that selection should
be tailored to the application. Collectively, these studies establish a compre-
hensive modelling approach with systematic guidance for selecting appro-
priate models under different operational needs.

With reliable models established, model predictive control (MPC) was
developed and evaluated for managing operational fluctuations characteris-
tic of bio-CHP plants, through setpoint tracking scenarios and disturbance
rejection scenarios. MPC consistently demonstrated superior controller per-
formance over conventional proportional integral (PI) control, achieving a
3-66% reduction in overshoot and maximum deviation, a 47—62% reduction
in settling time and recovery time, and a 66—74% reduction in integrated
absolute errors for CO; capture rate. Regarding process performance, the
performance depends on the direction of system changes. The cumulative
differences in CO» capture amount between MPC and PI range from 4.4%
to 8.7%. These results demonstrate that MPC could coordinate dynamic CO>
capture through improved control quality and smoother dynamic responses.

Finally, the negative emission potential was assessed from plant level to
national scale. An example CHP plant was evaluated using two operating
modes (OMs) reflecting Sweden’s prioritised heat supply. OM1 maximises
CO; capture by allowing electricity sacrifice, while OM2 maintains both
heat and electricity supply. With an average biogenic fraction of 55%, oper-
ating in OM1 achieved 181 kilotonnes per year (kt/yr) negative emissions
(81.8% capture rate), while operating in OM2 resulted in 121 kt/yr positive
emissions (20.3% capture rate) but still reduced emissions by 85.8 kt/yr
compared to the reference case without CO, capture. Scaling up to national
level, Sweden’s potential was evaluated under the same constraint of main-
tained heat supply — the first such national assessment for Swedish BECCS
in CHP plants. Under the same biogenic fraction, operating in OM1 can
achieve 8.7 megatonnes per year (Mt/yr) negative CO, emissions, meeting
Sweden’s expected BECCS target (3—10 MtCO,/yr). The levelised cost of
CO; avoided was 36.9 U.S. dollars per tonne CO; ($/tCO,) for OM1 and
52.0 $/tCO; for OM2. Furthermore, the biogenic fraction critically influ-
ences results, with minimum fractions of 32.8% (OM1) and 84.3% (OM2)
required to achieve 3 MtCO,/yr negative emissions. These findings demon-
strate that Sweden’s BECCS targets are technically and economically
achievable, with operating mode choice fundamentally determining the neg-
ative emission boundary.
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This dissertation contributes to BECCS research through the systematic
comparison of three first-principles modelling approaches for CO; capture
in bio-CHP plants, the application of ML (specifically Informer) to CO; cap-
ture modelling with systematic guidance for different applications, and the
first national-scale BECCS assessment for Sweden under maintained heat
supply constraints. The work progressively integrates dynamic modelling,
control design, and performance assessment, offering systematic guidance
to system designers and policymakers. Future work should focus on validat-
ing ML models with operational data, extending MPC to integrated CHP-
capture optimisation, incorporating carbon pricing mechanisms, and broad-
ening assessment to other Nordic and European countries to strengthen gen-
eralisability of BECCS deployment strategies.
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Swedish summary

Integrering av bioenergi med koldioxidavskiljning och lagring (BECCS) i
biomassaeldade kraftvirmeverk (KVV) erbjuder avgorande potential for att
uppna negativa utslapp. I Sverige anvinds biomassa och avfall i stor ut-
strickning som brénsle i KVV som forsorjer fjarrvirmenét. Den dynamiska
driften av KVV introducerar dock betydande utmaningar for CO:-avskilj-
ning, till f61jd av fluktuerande virmebehov och elprissignaler, volatila el-
marknader samt brinslets varierande egenskaper.

Trots det vixande intresset for BECCS-implementering i biomassaeldade
KVV kvarstar kritiska kunskapsluckor avseende den dynamiska driften av
CO:-avskiljning, vilket hindrar en effektiv implementering. For det forsta
har olika modelleringsansatser for CO--avskiljning i biomassaeldade KVV
inte systematiskt jimforts i olika tillimpningsscenarier, vilket leder till en
oklar viagledning for modellval. Det saknas dven kontrollstrategier som kan
koordinera varmeforsorjning, elmarknadsdeltagande och CO:-avskiljnings-
effektivitet under fluktuerande forhallanden. Vidare saknas metoder for att
kvantifiera BECCS-potentialen i befintlig KV V-infrastruktur under realist-
iska begriansningar. For att atgirda dessa luckor utvirderar denna avhand-
ling dynamisk modellering och avancerade tillvigagangsitt att reglera CO--
avskiljning i biomassaeldade KVV, samt undersoker deras driftlagen for att
mojliggdra en effektiv implementering av BECCS och bidra till Sveriges
mal om klimatneutralitet &r 2045.

For att ge systematisk vigledning vid val av ldmpliga modelleringsansat-
ser utvecklades och utvirderades bade forsta-princip-baserade ansatser och
maskininldringsansatser (ML). I avhandlingen jimfors systematiskt tre
forsta-princip-baserade ansatser: ideala statiska modeller (IST), dynamiska
modeller utan reglering (Dw/0oC) och dynamiska modeller med reglering
(DwC) — vilket ar den forsta jamforelsen av detta slag for COz-avskiljning i
biomassa-KVV. Tydliga skillnader identifierades, dér méngden avskild CO:
varierade med upp till 22%. Tillimpningsspecifik véigledning faststélldes:
Dw/oC for forstaelse av systemdynamik, DwC for design av styrning och
timbaserad optimering, samt IST for uppskattning av den 1dngsiktig poten-
tialen. Med utgéngspunkt i denna grund introducerades ML med hjélp av
Informer, vilket representerar den forsta tillimpningen av Informer-arkitek-
turen for COz-avskiljningsmodellering. Informer predikterade CO--avskilj-
ningsgrad och energianvindning med ett genomsnittligt absolut procentuellt
fel (MAPE) pa 6,2% respektive 2,7%. | en utvidgad jamforelse utviarderades
tre ML-ansatser — Informer, Long Short-Term Memory (LSTM) och Back-
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propagation Neural Network (BPNN) — inom fyra tillimpningsomraden:
systemidentifiering, dvervakning, optimering och prestandaskattning. Samt-
liga ML-modeller uppnatr tillfredsstdllande noggrannhet med MAPE-varden
som i de flesta fall understiger 5%. Aven om Informer generellt presterar
bést, dvertréaffar ingen enskild modell konsekvent de vriga, vilket bekréiftar
att modellvalet bor anpassas efter tillimpningen. Sammantaget etablerar
dessa studier en Gvergripande modelleringsansats med systematisk végled-
ning for val av ldmpliga modeller under olika driftbehov.

Med tillforlitliga modeller som grund utvecklades och utvérderades mo-
dellprediktiv reglering (MPC) for hantering av driftfluktuationer karakter-
istiska for biomassaeldade KVV, genom scenarier for borvéirdessparning
och storningsavvisning. MPC uppvisade konsekvent dverlidgsen reglerpre-
standa jaimfort med konventionell proportionell-integral-reglering (PI), med
3-66% reduktion av 6verskjutning och maximal avvikelse, 47—-62% redukt-
ion av insvangningstid och aterhdmtningstid, samt 66—74% reduktion av in-
tegrerat absolut fel for COz-avskiljningsgraden. Vad giller processprestanda
beror utfallet pé riktningen for systemforidndringar. De kumulativa skillna-
derna i avskild CO2-méngd mellan MPC och PI varierar frén 4,4% till 8,7%.
Dessa resultat visar att MPC kan koordinera dynamisk CO:z-avskiljning ge-
nom forbittrad reglerkvalitet och jimnare dynamiska forlopp.

Slutligen bedomdes potentialen for negativa utsldpp pé skalnivaer fran
enskild anldggning till nationell niva. Ett exempel-KVV utviarderades med
hjélp av tva driftlagen (DL) som speglar Sveriges prioritering av varmefor-
sorjning. DL1 maximerar CO--avskiljning och tilldter minskning av elpro-
duktionen, medan DL2 upprétthéller bdde varme- och elforsdrjning. Med en
genomsnittlig biogen fraktion pa 55% uppnaddes vid drift i DL1 negativa
utsldpp pa 181 kilotonnes per year (kt/yr) (avskiljningsgrad 81,8%), medan
drift i DL2 resulterade i positiva utsldpp pa 121 kt/yr (avskiljningsgrad
20,3%), men dndé reducerade utsldppen med 85,8 kt/yr jimfort med refe-
rensfallet utan CO»-avskiljning. Vid uppskalning till nationell nivé utvérde-
rades Sveriges potential under samma restriktion om bibehéllen varmefor-
sOrjning — den forsta studien med denna typ av beddmning pé nationell niva
for svensk BECCS i KVV. Med samma biogena fraktion kan drift i DL1
uppna negativa utsldpp pa 8,7 megatonnes per year (Mt/yr), vilket ticker
Sveriges forvintade BECCS-mal. Den beridknade kostnaden per undvikt
tonne CO: uppgick till 36,9 U.S. dollars per tonne CO; ($/tCO,) (DL1) re-
spektive 52,0 $/tCO. (DL2). Vidare har den biogena fraktionen en kritisk
paverkan pa resultaten: minimifraktioner pa 32,8% (DL1) respektive 84,3%
(DL2) kravs for att uppna negativa utslapp pa 3 Mt/yr. Dessa resultat visar
att Sveriges BECCS-maél ar tekniskt och ekonomiskt moéjliga att uppna, och
att valet av driftlage fundamentalt bestimmer gransen for negativa utslapp.
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Denna avhandling bidrar till BECCS-forskningen genom den systema-
tiska jimforelsen av tre forsta-princip-baserade modelleringsansatser for
CO:z-avskiljning i biomassaeldade-K V'V, tillimpningen av ML (specifikt In-
former) for CO:-avskiljningsmodellering med systematisk vigledning for
olika tillimpningar, samt den fOrsta nationella BECCS-bedomningen for
Sverige under restriktionen om bibehéllen virmeforsorjning. Arbetet inte-
grerar progressiv dynamisk modellering, design av styrning och prestanda-
beddémning, och erbjuder systematisk vigledning till systemkonstruktorer
och beslutsfattare. Framtida arbete bor fokusera pd validering av ML-mo-
deller med driftsdata, utvidgning av MPC till integrerad optimering av KVV
och CO; avskiljningen, inkludering av koldioxidprissédttningsmekanismer
samt utoka uppskattningen av potentialen for avskiljning till andra nordiska
och europeiska lander for att stirka generaliserbarheten av strategier for im-
plementering av BECCS.

viii Beibei Dong



List of papers

Publications included in the thesis

This thesis is based on the following papers, which are referred to in the text
by their roman numerals.

L.

II.

II1.

IV.

VL

Dong, B., Hu, C., Skvaril, J., Thorin, E., Li, H. (2023). Selecting
the approach for dynamic modelling of CO, capture in bio-
mass/waste fired CHP plants. International Journal of Green-
house Gas Control, 130, 104008.

Dong, B., Chen, J., Shi, X., Li, H. (2023). Al-based Dynamic
Modelling for CO, Capture. In Energy Proceedings of the Inter-

national Conference on Energy, Ecology and Environment
(ICEEE), 37, August 1418, 2023, London, UK.

Dong, B., Gustafsson, K., Shi, X., Hedén Sandberg, A., Skvaril,
J., Thorin, E., Li, H. (2025). Using machine learning for model-
ling dynamic operation of CO, capture considering different ap-
plication requirements. In Energy Proceedings of the Applied En-
ergy Symposium and Forum: Resilient Energy Systems, 61, Sep.
23-25, 2025.

Dong, B., Skvaril, J., Thorin, E., Li, H. (2025). Model predictive
control for CO; capture from biomass-fired CHP plants: Perfor-
mance evaluation during operational transitions. [Manuscript]

Wang, S., Dong, B., Gustafsson, K., Ma, C., Sun, Q., Li, H.
(2023). Assessing the CO; capture potential for waste-fired CHP
plants. Journal of Cleaner Production, 428, 139379.

Dong, B., Wang, S., Thorin, E., Sun, Q., Li, H. (2024). Negative
emission potential from biomass/waste combined heat and power
plants integrated with CO, capture: An approach from the na-
tional perspective. Journal of Cleaner Production, 467, 142917.

Reprints were made with permission from the respective publishers.

Milardalen University Press Dissertations iX



Publications not included in the thesis

L.

II.

I1I.

Iv.

VL

Dong, B., Wang, S., Sun, Q., Skvaril, J., Thorin, E., Li, H. (2022).
Aggregated Negative Emission from Biomass Fired CHP Plants
in Sweden. In Energy Proceedings of the 14" International Con-
ference on Applied Energy, ICAE2022, 29, August 8—11, 2022,
Bochum, Germany.

Dong, B., Li, W., Li, H. (2022). Removing CH4 from the Waste
Gas of Biogas Upgrading. In Energy Proceedings of the 14" In-
ternational Conference on Applied Energy, ICAE2022, 29, Au-
gust 8—11, 2022, Bochum, Germany.

Dong, B., Wang, S., Sun, Q., Thorin, E., Li, H. (2024). Marginal
cost of CO; capture. The International Conference on Energy,
Ecology and Environment (ICEEE), August 26-29, 2024, Rome,
Italy.

Pan, S., Shi, X., Dong, B., Skvaril, J., Zhang, H., Liang, Y., Li,
H. (2024). Multivariate time series prediction for CO, concentra-

tion and flowrate of flue gas from biomass-fired power plants.
Fuel, 359, 130344.

Li, H., Dong, B., Nookuea, W., Sun, Q., Thorin, E., Yu, Z.
(2025). Selecting proper technologies for capturing CO, from bi-
oenergy conversion. Renewable and Sustainable Energy Reviews,

218, 115747.

Wang, S., Dong, B., Gustafsson, K., Thorin, E., Sun, Q., Li, H.
(2026). Capturing CO; from waste-fired CHP plants at low mar-
ginal cost. Applied Energy, 410, 127558.

Beibei Dong



Contents

AcCKNOWIEAZEMENTS .....ceviiiiiieiii ettt e 1
SUMMATY ...t e et e e r e e s beeestaeessseessseeessseennseas iii
Swedish SUMMATY .......cooiiiiieiee e vi
LSt Of PAPCTS.c.evieeiieiieiieieesee sttt ettt et et te et be e seesseessaesnne s ix
LiSt Of fIGUIES ...veenvieiieiieeie ettt st et xiii
LSt Of tADIES ...ttt XV
NOMENCIATUTE ....eenieiieiieitee ettt Xvii
PrEfaCE ..o XXil
LI N (0T L1 1 o) o AP 1
1.1 Background..........ccceeveevieiieiiieiieiieieeieesee st sene e esaeseens 1
1.2 Objectives and research qUEStIONS........ccccvverveeeciieerieeriee e 3
1.3 CONLITDULIONS ..ttt ettt sttt e e 4
1.4 Dissertation OULHNE..........ceceerierienienienie e 6

2 LAterature StUAY ...ccveeveeiieeieeie ettt sie e sae e sereeer e enseenseensaens 9
2.1 Dynamic modelling of CO; capture process .........cccceevveerreerveerveenn 9
2.1.1 Applications of dynamic modelling..........c.cccceevvvereerienrennnennn. 9

2.1.2 First principles-based models of CO; capture............coeeue.eee. 11

2.1.3 Machine learning-based models of CO; capture..................... 12

2.2 Control of CO2 CAPLUTE .....ccveeeeieeeiieieeieeieeeiee st 13
2.2.1 Proportional—integral—derivative (PID) controllers ................ 14

2.2.2 Model predictive control (MPC).........cccvevvevievieniinieeieenens 15

2.3 Assessment of CO; capture in biomass CHP plants....................... 16
2.3.1 Plant-level asseSSMENt .......c.ceereeriueeriieiieeiieieenieenee e 16
2.3.2 National-level asseSSMENt..........cecueerveerieerieenienieniesee e 17

3 MethOdOLOZY ....veeeieiieciiiciiieie ettt e e aeeeeas 19
3.1 OVETVIEW ettt sttt ettt ees 19
3.2 Dynamic process modelling and simulation...............cccceeveennennnne. 20
3.2.1 Development of first principles-based models........................ 20

3.2.2 Development of machine learning-based surrogate models ... 25

3.3 Model predictive control design.........cceeverieriercieeiieenieeieeeeneeenees 26
3.3.1 System description and model identification.......................... 26

3.3.2 Model predictive control design .........ccccceeveeveereerveneenenennn 29

3.4 Potential assessment framework..........ccccevveneeniiiiiiiinncieneee, 32
3.4.1 Modelling an example CHP plant.........c..ccooceeveininninniennnnne. 32

3.4.2 National aggregation of all CHP plants ............cc.cceecrninnnann 36

Milardalen University Press Dissertations xi



3.4.3 Case study — SWedeN.........cceeveeriecrieiieieeesee e 39

4 Selecting dynamic modelling approaches for different applications of

CO2 CAPLULE ..ottt ettt ettt et et e et e e stte e e beesbeeebteessteeenbeeenneeas 43
4.1 First principles-based modelling approaches for CO, capture........ 43
O I B O 1SS 1 o SR 43
4.1.2 Comparison of different modelling approaches...................... 44
4.1.3 Selection of modelling approaches ...........ccceecvveverieerieenveennne. 46
4.2 Machine learning-based models of CO; capture ...........ccceeeeuenneee. 47
4.2.1 Application definition and case SEtUP .......ccceeveeveereeriereneeneens 47
4.2.2 Data GeNeration .........ccceveveeverreeerieerieeseenseeseeseeseressessessennns 48
4.2.3 Performance of machine learning models............cc.cceevrennnnne. 51
5 Performance evaluation of model predictive control .............c.cceueennene. 55
5.1 System identification reSUltS.........ccoecverierienieniesieeie e 55
5.2 MPC performance evaluation and comparison with PI control...... 55
5.2.1 Case 1: Setpoint tracking with varying capture rates.............. 55
5.2.2 Case 2: FG flow rate disturbance rejection...........cccccveeeeveennee. 58

5.2.3 Case 3: Disturbance rejection of FG flow rate and CO;
CONCENETALION ...ttt ettt sttt teette et ete ettt e b e bt e sbeesaeesaaeeaee e 61
5.2.4 Summary of MPC controller performance improvements...... 63
6 Potential assessment of CO, capture in Swedish CHP plants ................ 65
6.1 Plant-level potential of CO; capture in the reference CHP plant.... 65
6.1.1 CO; capture potential .........c.cceeveevieercrieeiiiecieeciee e 65
6.1.2 CO2 CAPTUIE COSL..eouvieriiriiiriiirieeieeteettete ettt 66
6.2 Nationwide potential of CO; capture in all Swedish CHP plants... 67
6.2.1 Model validation ...........cecerererieriniiieeeee e 67
6.2.2 CO; capture potential .........c.cccveevreevreeriieriiereeseeseesnesreene e 68
6.2.3 CO2 CAPLUTE COSL.uvrrrurrrririerrieeiieeiieeereeeieeeereesseeenseeessreennneas 69
7 DeliMItations .......cooueeiierienieiieete ettt s 73
8 CONCIUSIONS ...eieieiiietiesiieite ettt ettt ettt ettt ettt e st e st e saeeenee e 75
O FULUIE WOTK ....etiiiieiieiie sttt ettt ettt et 77
F N 070153 16 1 USRS 79
A: Validation of the steady-state model in IST ..........ccoeeeviieriiennenne. 79
B: Validation of the dynamic model in Dw/oC and DwC.................... 80
C: Validation of the waste-fired CHP plant model................cccceeeenee. 82
D: Validation of machine learning models ..........ccccceevveviiecieneeniennnen. 83
D1: Heat demand model.........ccccooieiininieieninieeeeeeeeeee 83
D2: CHP MOdel ..o 84
RETEICINCES ....eieeieiieieete ettt et et 85

xii Beibei Dong



List of figures

Figure 3.1: Methodology schematic outline for addressing research

QUESLIONS. ..eeuvierriereerteeseaesereeressseeseesseesseesseesseesssesssesssesssensseessesssenns 19
Figure 3.2: Rate-based MEA simulation flowsheet in Aspen Plus. .......... 20
Figure 3.3: MEA-based CO; capture without control strategy. ................ 21
Figure 3.4: MEA-based CO; capture with control strategy. ..................... 22
Figure 3.5: Flue gas data from a w-CHP plant..........c..cocceoeniniininnnnnn. 24
Figure 3.6: Flowsheet of the designed MEA-CA in Aspen Plus Dynamics.

........................................................................................................ 27

Figure 3.7: Implemented random signals for system identification (a): Flue
gas flow rate; (b): CO; content; (c): Lean solvent flow rate; (d):

Reb0oiler dUtY......c.eieviiiiiiecieeeeee e 28
Figure 3.8: Scheme of the bottom-up approach. ..........cccccoeviriinenennnenne. 33
Figure 3.9: Schematic of integration of w-CHP and CO, capture and

COMMPIESSION. 1evvvereierererereereereateeseesseessaesseesseesseesssesssessseesseensesssenns 33
Figure 3.10: Calculation flowchart for two operating modes.................... 34
Figure 3.11: Calculation flowchart for other CHP plants. ........................ 39
Figure 3.12: Distribution and installed capacities of CHP plants in Sweden

(Ahlmén & Hellsberg, 2020). ......cceevieiieiieienierieseesee st 41
Figure 4.1: Relative differences in accumulated captured CO, under

different operating parameters. ...........ecverveereeereereereernesnesinennens 45
Figure 4.2: Relative differences in specific reboiler duty under different

OPETAtING PATAMELETS. ..e.evveevreerereeeieeesireeereeesreeesereesseeessseesseessseeans 46
Figure 4.3: Variation of flue gas in Case l........cccceeeveevciiecciieecieeeieeeen 49
Figure 4.4: Variation of reboiler duty in Case 1.........cccceveevierieniennnne. 49
Figure 4.5: Variation of lean solvent flow rate in Case 1..........cc.cceceeueeee. 50
Figure 4.6: Variation of CO; capture rate targets in Case 3...........ce........ 50
Figure 4.7: Variations of flue gas and reboiler duty in Case 4.................. 51

Figure 5.1: Comparison between Aspen Plus Dynamics and identified
models: CO, capture rate (deviates from 84%) and reboiler

temperature (deviates from 116°C)......ccccoviiviiriiniieiieieeeeeee, 56
Figure 5.2: Comparison of MPC and PI controllers in Case 1.................. 57
Figure 5.3: Flue gas disturbance in Case 2.........cccceeererieneneneenieneneenne. 58
Figure 5.4: Comparison of MPC and PI controllers in Case 2.................. 59
Figure 5.5: Flue gas disturbance in Case 3..........coceeeeieeneeneeneeneeneenn 61
Figure 5.6: Comparison of MPC and PI controllers in Case 3.................. 62
Figure 6.1: Breakdown of LCCA of example plant. ...........cocceeveeriennnnne. 67

Milardalen University Press Dissertations xiii



Figure 6.2: The influence of biogenic fraction of the waste on net CO;

CITUISSION. ettt ettt ettt ettt sa et enes 69
Figure 6.3: LCCA and LCC from each CHP plant............cccoocveiinencnnen. 70
Figure 6.4: Breakdown of national LCCA. .......cc.ccooiiiiiiiiniiiiieeeeee, 71

Xiv Beibei Dong



List of tables

Table 2.1 Summary of machine learning models for dynamic CO, capture.

........................................................................................................ 13
Table 3.1 Summary of model parameters and column settings (Li et al.,
2015). ettt sttt ettt et b e reennenes 21
Table 3.2: Dynamic model parameters (Harun, 2012)..........ccccceeveennennen. 22
Table 3.3: Manipulated and controlled variables and targets (Harun et al.,
2012; Nittaya et al., 2014)...cc.ccvieiieiiiiieieeie e 23
Table 3.4: The scaled-up capture system and other input parameters....... 24
Table 3.5: Streams under the designed operating point (Dong et al., 2023;
Zanco et al., 2021; Zhou et al., 2022). ....cccovvevrieeiieeiiieeeeeiee e 27
Table 3.6: Process constraints considered in the MPC formulation.......... 30

Table 3.7: The factors used in the assessment of CAPEX and OPEX
(Christensen & Dysert, 2011; Gerdes et al., 2011; Li et al., 2015). 37
Table 3.8: Main operating parameters of the example CHP plant with CO»

capture and COMPIESSION. ......eervireriereriieerieereesieesaeeeereesreesseeens 40
Table 3.9: Economic evaluation assumptions of CO, capture and

compression (Li et al., 2015). c.cccoooieeiiieieeiieeee e 41
Table 4.1: An overview of the defined cases. ........cccceeveverivecieneenieieenen. 44
Table 4.2: Inputs and outputs of different cases..........cceevverververveneennnen. 48
Table 4.3: Prediction accuracy for Case 1........cccoevveviecireciieciiecieenieeieennenn 51
Table 4.4: Prediction accuracy for Case 2........cceevevvveecveereecreenreenreenneennens 52
Table 4.5: Prediction accuracy for Case 3.........ccceeevievciiieniieenieecree e 52
Table 4.6: Prediction accuracy for Case 4.........cccceeeveevcrieeniieenieenreeeieenns 53
Table 5.1: Comparison of controller performance metrics in Case 1........ 57
Table 5.2: Comparison of process performance metrics in Case 1. .......... 58
Table 5.3: Comparison of controller performance metrics in Case 2........ 60
Table 5.4: Comparison of process performance metrics in Case 2. .......... 60
Table 5.5: Comparison of controller performance metrics in Case 3........ 62
Table 5.6: Comparison of process performance metrics in Case 3........... 63
Table 5.7: Summary of MPC controller performance improvement over PI.

........................................................................................................ 64
Table 6.1: CO; capture potential and the influence on example CHP. ..... 65
Table 6.2: Costs related to CO; capture in the example CHP plant. ......... 66
Table 6.3: Nationwide potential of CO; capture in all CHP plants in Sweden.

........................................................................................................ 68

Table 6.4: Costs related to CO; capture in all CHP plants in Sweden. ..... 70

Milardalen University Press Dissertations XV






Nomenclature

Abbreviations

ABS
APE
APEA
AR6
ARX
BANN
BEC
BECCS
bio-CHP
BPNN
CA
CAPEX
CCS
CDR
CHP
CO,
CO,vol%
CVs
DBN
DH
DwC
Dw/oC
EC
EMPC
EPC
EU ETS
FG

FIC
GHG
HPC
IAE
IMTP
INN
IPCC
ISE

IST

absorber

absolute percentage error

Aspen Process Economic Analyzer

Sixth Assessment Report

autoregressive exogenous input
bootstrap-aggregated neural network

bare erected cost

bioenergy with carbon capture and storage
biomass-fired combined heat and power
back-propagation neural network
chemical absorption

total capital expenditure

carbon capture and storage

carbon dioxide removal

combined heat and power

carbon dioxide

CO; concentration

controlled variables

deep belief network

district heating

dynamic models with control

dynamic models without control
engineering and contractor

economic MPC

engineering procurement and construction
European Union Emissions Trading System
flue gas

flow rate indicating controller

greenhouse gas

hot potassium carbonate

integrated absolute error

Intalox Metal Tower Packing

integral neural network
Intergovernmental Panel on Climate Change
integral squared error

ideal static models

Milardalen University Press Dissertations

xvil



ITAE
KPIs
LCC
LCCA
L/G ratio
LIC
LSTM
MAE
MAPE
MD
MEA
MEA-CA
MIMO
ML

ML _CHP
ML demand
MPC
MSE
MVs
NARX-NN
NETs
NLARX
NN

oC
O&M
oM
OPEX
(0N}

PC

PCC

PI

PID
PIINN
PJC

PPA
RGA
RQs

RT

RTd
SDGs
SISO
SMHI

Xviii

integrated time and absolute error
key performance indicators
life-cycle cost

levelised cost of CO, avoided
liquid-to-gas ratio

level indicating controller

long short-term memory

mean absolute error

mean absolute percentage error
maximum deviation
monoethanolamine

MEA-based chemical absorption
multiple-input multiple-output
machine learning

machine learning-based modelling for CHP

machine learning-based modelling for heat demand

model predictive control
mean squared error
manipulated variables

nonlinear autoregressive NN with exogenous input

negative emission technologies

nonlinear autoregressive model with exogenous input

neural network

owner’s cost

operating and maintenance

operating mode

annual operating and maintenance cost
overshoot

process contingency

post combustion capture
proportional—integral
proportional-integral—derivative
physics-informed integral neural network
project contingency

power purchase agreement

relative gain array

research questions

rise time

recovery time

Sustainable Development Goals
single-input single-output

Swedish Meteorological and Hydrological Institute

Beibei Dong



ST

STR
TDC
TIC

TIC cost
TOU
TPC

TS
w-CHP

Symbols
Hea Lreboiler
A

Acoz

ik

B

bijk

B u

C

Ccoz
CCOZ,acc
CO2p
Dy

dk

€i

El

F

Gco:

J

M, chemical
mcoz

Uz

np

Ne

ng,j
NetE
N,

OP EXvariable
0

Qreb
Opu

R

settling time

stripper

total direct cost
temperature-indicating controller
total indirect cost

time of use

total plant cost

time step

waste-fired combined heat and power

reboiler duty

Matrix coefficient of state-space model
amount of avoided CO»

autoregressive coefficients for output y;
Matrix coefficient of state-space model
input coefficients from input u; to output y;
Matrix coefficient of state-space model
Matrix coefficient of state-space model
amount of captured CO,

accumulated amount of captured CO, over 4 hours
amount of CO; in the product stream
Matrix coefficient of state-space model
measured disturbance variables
modelling error

amount of net electricity generation
amount of consumed fuel

amount of generated CO»

cost function

consumed amount of chemicals

hourly optimised amount of captured CO;
autoregressive order

exogenous input order

control horizon

time delay from input u; to the outputs
net CO, emission

prediction horizon

variable O&M cost

output tracking weight matrix

available heat for reboiler/reboiler heat duty
hourly heat demand

input rate penalty matrix

Milardalen University Press Dissertations Xix



Vie+i
Rco:

Samb
SRD 4e
T

T amb

I

uj

u:

Uus

Uq

Uj

Ue+i
UP chemical
UElelectricity
wt%
Xk

Vi

Y2

Vi

Vk+i

Vi

Vi

Vsp

Cfos

4

Au k+i

Subscripts
Ex

I

In
Integ
J

K

k+i
Max
Min
N
nation
P

XX

discount rate

desired setpoint trajectory
CO; capture rate

hourly wind speed

average specific reboiler duty

plant economic life/integral time/time step

hourly ambient temperature

final time of the evaluation period
FG flow rate

FG CO; concentration

lean solvent flow rate

reboiler heat duty

manipulated variables
manipulated inputs

unit price of chemicals

unit price of electricity

weight per cent

state vector

CO: capture rate

reboiler temperature

controlled variables

predicted controlled variables

i"™ actual value

i predicted value

setpoint of the controlled variables
fossil fraction of the fuel

changes

change rate of manipulated inputs

example CHP plant

i CHP plant

installed capacity
integrated system with CO; capture
i hour

k™ chemicals

time step k+i

maximum constraints
minimum constraints

total number of CHP plants
aggregated national results
total number of chemicals

Beibei Dong



Ref reference plant without CO; capture
Y yearly results

Units of measurement

t tonne (1,000 kilograms)

kt kiloton (1,000 metric tonnes)

Mt megaton (1,000,000 metric tonnes)
$ U.S. dollars

Milardalen University Press Dissertations XX1



Preface

This doctoral thesis was conducted at the Department of Engineering Sci-
ences at Mélardalen University, in partial fulfilment of the requirements for
the degree of Doctor of Philosophy in Energy and Environmental Engineer-
ing. The work was carried out under the supervision of Professor Hailong
Li and co-supervised by Professor Eva Thorin and Dr. Jan Skvaril. The re-
search began in November 2021 and has since evolved through several stud-
ies focusing on dynamic modelling, advanced control, and negative emis-
sion potential assessment of bioenergy with carbon capture and storage
(BECCS) in biomass-fired combined heat and power (CHP) plants.

This thesis presents the main results of the doctoral work and provides an
integrated synthesis of the included scientific publications. It is intended to
be read in combination with the appended publications, as it serves as moti-
vation for, and summary of, the work presented in the original publications.
The enclosed chapters offer insights into the modelling approaches, control
strategies, and negative emission potential of BECCS in biomass-fired CHP
plants, while addressing the broader implications for Sweden’s transition
towards climate neutrality by 2045.
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1 Introduction

This chapter defines the research questions and outlines the structure of the
dissertation.

1.1 Background

To reduce the risks and impacts of global warming, including poverty, ex-
treme heat, sea level rise, habitat loss, and drought (NRDC, 2021; United
Nations Environment Programme, 2024), the Paris Agreement has been
adopted with a long-term temperature goal to keep the rise in global surface
temperature to well below 2°C, preferably to 1.5°C, above pre-industrial
levels (IPCC, 2018; UNFCCC, 2016). To pursue the 1.5°C target, the Inter-
governmental Panel on Climate Change (IPCC) Sixth Assessment Report
(ARO) confirms that global greenhouse gas (GHG) emissions need to be re-
duced by 43% by 2030 relative to 2019 and reach net-zero CO, emissions
around 2050 (Lee & Romero, 2023). However, achieving these targets pre-
sents unprecedented challenges. The year 2024 was confirmed as the warm-
est year on record globally, with multiple independent datasets indicating it
exceeded 1.5°C above the pre-industrial baseline (Copernicus Climate
Change Service, 2025; World Meteorological Organization, 2025). Moreo-
ver, the 2015-2024 decade represents the warmest 10-year period on record
(United Nations Environment Programme, 2024). To achieve the Paris
Agreement target, all climate mitigation scenarios indicate requiring the de-
ployment of carbon dioxide removal (CDR) at substantial scale by using
negative emissions technologies (NETs) (European Academies’ Science
Advisory Council, 2018; Lee & Romero, 2023; Rau & Greene, 2015). CDR
would be used to compensate for residual emissions from sources where
mitigation measures are difficult to implement to achieve net negative emis-
sions to return global warming to 1.5°C following a peak (Lee & Romero,
2023). Such efforts are also aligned with the United Nations Sustainable
Development Goals (SDGs), particularly SDG 13 (Climate Action) and
SDG 7 (Affordable and Clean Energy), which call for urgent action on cli-
mate change and the transition to sustainable energy systems.
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Among the various NETs, bioenergy with carbon capture and storage
(BECCS) has emerged as one of the most viable and cost-effective options
for achieving negative emissions (Carbon Brief, 2019; Joint Task Force on
Biomass and CCS, 2018; Wang et al., 2024). BECCS involves capturing and
permanently storing CO, from processes in which biomass is converted into
fuels or directly burned to generate energy (IEA, 2024). Because plants ab-
sorb CO, from the atmosphere during growth through photosynthesis, cap-
turing and storing this biogenic CO, effectively removes CO, from the at-
mosphere, resulting in negative emissions (Drax Group, 2021). According
to IPCC AR6, BECCS plays a crucial role in climate mitigation scenarios
designed to meet Paris Agreement targets (Lee & Romero, 2023). The In-
ternational Energy Agency projects that BECCS deployment could reach 10
gigatonnes of CO, removal per year by 2050 (Joint Task Force on Biomass
and CCS, 2018).

Among various applications of BECCS, integrating CO, capture with bi-
omass and waste-fired combined heat and power (CHP) plants presents
unique opportunities for commercial operation of BECCS (Shahbaz et al.,
2021). In northern Europe, biomass and waste are widely used as fuel for
CHP plants serving district heating (DH) networks (Anca-Couce et al.,
2021). Taking Sweden as an example, biomass and waste-fired CHP (bio/w-
CHP) plants account for the second largest contribution of CO, emission
sources in the energy sector (Johnsson & Kjirstad, 2019). Integrating
BECCS with bio/w-CHP plants is therefore a promising solution to reduce
CO; emissions and contribute to the Swedish climate goal of net-zero emis-
sions by 2045 (Shahbaz et al., 2021).

The integration of BECCS with CHP plants is transitioning from pilot to
full-scale implementation. For example, Stockholm Exergi, as a pioneer,
built a pilot carbon capture plant using hot potassium carbonate (HPC) in
2019. In March 2025, the company made a final investment decision to im-
plement the world’s first large-scale BECCS project at its Vértan bio-CHP
plant in Stockholm, which is scheduled to begin operations in 2028 (Bioen-
ergy International, 2025). The project has also received substantial support,
including a EUR 180 million EU Innovation Fund grant and SEK 20 billion
in funding from the Swedish Energy Agency (Bioenergy International,
2025). This development demonstrates both the technical feasibility and the
increasing policy support for large-scale BECCS deployment in CHP appli-
cations. Reliable quantification of achievable negative emissions and asso-
ciated costs under realistic operational constraints therefore remains essen-
tial for guiding policy decisions and investment planning.

CHP plants supply heat to DH networks. Their operations dynamically
vary on an hourly basis due to fluctuating heat demand and electricity mar-
ket conditions (Beiron, Goransson, et al., 2022). The increasing penetration
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of intermittent renewable electricity generation further intensifies such var-
iability, as the operation of CHP plants varies more frequently to balance
the grid (Beiron, Normann, et al., 2022). In addition, the use of versatile
biomass and waste as fuel leads to variations in flue gas (FG) properties
depending on fuel composition.

The operational characteristics of CHP plants create significant opera-
tional challenges for the integrated CO; capture process. The dynamic oper-
ation leads to fluctuations in FG flow rate and composition. It is well-recog-
nised that the dynamic variation of FG can obviously affect the performance
of downstream CO; capture processes, particularly for monoethanolamine
(MEA)-based chemical absorption (MEA-CA), the most commercially ma-
ture post-combustion CO, capture technology (Li, Dong, et al., 2019; Tan
et al., 2016). Furthermore, the steam extracted from CHP plants to MEA-
CA for driving solvent regeneration also varies widely with electricity and
heat demand, which directly affects the CO, amount generated in the strip-
per. CO; capture processes must therefore be capable of adapting to these
dynamic operational fluctuations while maintaining high energy efficiency
(Akram et al., 2016). This not only requires a thorough understanding of the
dynamic behaviour of CO; capture but also demands advanced control strat-
egies capable of coordinating competing operational objectives under con-
tinuously changing conditions.

1.2 Objectives and research questions

The overarching objective of this dissertation is to improve the dynamic op-
eration of CO; capture in bio-CHP plants, with the aim of maximising CO»
capture and thereby maximising net negative emissions.

Despite the recognised potential of BECCS in CHP applications, several
critical knowledge gaps hinder its implementation. The modelling require-
ments and approaches may differ significantly across various application
scenarios, from process design and optimisation to control system develop-
ment, yet guidance on appropriate model selection and formulation for dif-
ferent purposes remains scarce. Furthermore, control strategies capable of
coordinating heat supply obligations, electricity market participation, and
CO; capture efficiency in the context of fluctuating bio-CHP operation re-
main underexplored. Moreover, robust methodologies for quantifying the
technical and economic potential of BECCS in existing CHP infrastructure
under varying markets and operational conditions need further development.
To address these gaps, the following research questions (RQs) have been
formulated:
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RQ1 How should the dynamic modelling approaches be selected for
different applications of CO; capture in biomass-fired CHP plants?

RQ2 How does model predictive control perform for CO: capture under the
dynamic operating conditions of biomass-fired CHP plants?

RQ3 What are the potentials for negative emissions and associated costs
when implementing BECCS in biomass-fired CHP plants, from plant
level to national scale?

1.3 Contributions

This thesis is composed of six papers with the following contributions and
links to the research questions:

Paper I This paper systematically compares three first principles-based dy-
namic modelling approaches for CO, capture in bio/w-CHP plants:
ideal static models (IST), dynamic models without control (Dw/oC),
and dynamic models with control (DwC), which represent the same
MEA-CA process modelled at increasing levels of complexity. The
performance of approaches is assessed under the variations of key pa-
rameters. The key contribution is the provision of recommendations
for approach selection tailored to different applications. Specifically,
Dw/oC is recommended for safety boundary analysis, DwC is recom-
mended for control system design and hourly dynamic optimisation,
and IST is recommended for estimating the long-term CO> capture
potential. This study contributes to RQ1 by providing systematic
guidance for selecting appropriate first principles-based modelling
approaches based on application requirements.

Paper 11 Building upon Paper I, this paper introduces a machine learning
(ML)-based modelling approach using Informer to predict dynamic
responses of CO; capture. The key contribution is verification of the
feasibility of the ML approach for dynamically modelling CO; cap-
ture. It was found that Informer could predict CO; capture rate and
energy use with mean absolute percentage errors (MAPEs) of 6.2%
and 2.7%, respectively. This work advances RQ1 by providing a
computationally efficient alternative to first principles-based models.

Paper III Extending the ML modelling work in Paper II, this paper com-
pares three distinct ML approaches (Informer, long short-term
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memory network (LSTM), and back-propagation neural network
(BPNN)) across four distinct application cases: system identification
for control development, system monitoring and diagnosis, opera-
tional optimisation, and system performance estimation. The primary
contribution is the provision of systematic guidance on ML model
development and selection (including how to choose inputs and out-
puts) for different CO, capture dynamic modelling purposes. It was
found that ML models can achieve high accuracy for all cases
(MAPE:s less than 5%), but no single model outperforms the others
across all cases. This work comprehensively addresses RQ1 by eval-
uating the capability of using ML approaches to develop dynamic
models for different purposes.

Paper IV Based on simulations, this paper develops and evaluates model
predictive control (MPC) strategies for scenarios of setpoint tracking
of CO; capture rate and disturbance rejection to FG and compares
MPC with conventional proportional-integral (PI) control. The key
contribution is the demonstration of MPC’s superiority over PI con-
trol in managing typical dynamic scenarios of CO; capture in CHP
plants. Specifically, MPC achieves a 3—66% reduction in overshoot,
a 47-62% reduction in settling time, and a 66—74% reduction in con-
trol errors. This study addresses RQ2 by providing quantitative evi-
dence of MPC’s value in achieving flexible and efficient CO; capture
operation.

Paper V This paper establishes a comprehensive assessment framework for
evaluating CO; capture potential at the plant level. The first princi-
ples-based dynamic models from Paper I and ML models from Pa-
per I1I are employed. The key contributions are an investigation into
the coordination of dynamic operation of CO, capture in bio-CHP
plants and the identification of CO; capture potential boundaries. Two
operating modes are investigated considering the characteristics of
Swedish CHP plants. This study contributes to RQ3 by determining
the coordinated operating strategies and CO; capture potential at the
plant level.

Paper VI Extending the assessment in Paper V to national scale, this paper
evaluates Sweden’s negative emission potential from bio/w-CHP
plants. The primary contribution is the quantification of achievable
negative emission potential range and economic viability and the
evaluation of contributions to Swedish climate goals. Under the oper-
ating mode where heat supply remains unchanged, electricity supply
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can be sacrificed, and optimal operation can achieve 8.7 MtCO./yr
negative emission at a cost of 36.9 $/tCO,. This is sufficient to meet
the expected target set by Sweden on negative emissions from the
adoption of BECCS. Other contributions include an investigation into
the influence of biogenic fractions of fuel on negative emissions and
the identification of minimum biogenic fractions needed to meet Swe-
dish climate targets under different operating modes. This work com-
prehensively addresses RQ3 by providing policy-relevant insights
into BECCS deployment on the national scale.

1.4 Dissertation outline

This dissertation is based on the appended papers and is structured as fol-
lows:

Chapter 1 Introduction
Introduces the research context and problem framing and describes
the motivation for dynamic modelling and control of CO; capture in
bio-CHP plants. The chapter defines the research questions and out-
lines how the appended papers relate to them.

Chapter 2 Literature study
Presents a comprehensive review of dynamic modelling of CO, cap-
ture processes, control strategies, and assessment studies for CO; cap-
ture in bio-CHP plants. The chapter provides the conceptual founda-
tion used to formulate the research questions.

Chapter 3 Methodology
Details the dynamic process modelling and simulation approaches,
model predictive control design, and the potential assessment frame-
work developed and applied in the dissertation.

Chapter 4 Selecting dynamic modelling approaches for different applica-
tions of CO; capture
Presents the results on the selection of first principles-based and ma-
chine learning-based modelling approaches, providing systematic
guidance for choosing appropriate models under different operational
applications of CO; capture.

Chapter 5 Performance evaluation of model predictive control
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Presents the results on MPC performance in managing typical dy-
namic scenarios of CO, capture in CHP plants, covering setpoint
tracking and disturbance rejection cases, and compares MPC against
conventional PI control.

Chapter 6 Potential assessment of CO: capture in Swedish CHP plants
Presents the results on CO; capture potential and associated costs, at
both the individual plant level and the national level across Swedish
CHP plants.

Chapter 7 Delimitations
Outlines the scope boundaries of the dissertation with respect to dy-
namic modelling, control design, and potential assessment, clarifying
assumptions and limitations when interpreting the results.

Chapter 8 Conclusions
Summarises the main findings of the dissertation, particularly with
respect to CO; capture modelling, control, and capture potential as-
sessment.

Chapter 9 Future work
Proposes future directions grounded in the findings from all appended
papers.

The six papers on which this thesis is based are appended after the main
chapters as Papers [-VI.
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2 Literature study

This chapter reviews dynamic modelling approaches, control strategies,
and BECCS assessment studies, organised into Sections 2.1-2.3.

2.1 Dynamic modelling of CO; capture process

Dynamic modelling is essential for understanding the transient behaviour of
CO; capture processes and enabling their effective integration with bio/w-
CHP plants. This section reviews the current state of dynamic modelling
approaches for CO; capture process. Section 2.1.1 first identifies the key
applications that require dynamic models and establishes the motivation for
dynamic modelling. Subsequently, Section 2.1.2 reviews first principles-
based models, while Section 2.1.3 examines ML-based approaches. Most of
the works focus on the MEA-CA capture technology, as it is a commercial-
ised CO; capture technology and has been widely applied in the industry (Li
et al., 2023). This comprehensive review highlights existing modelling ca-
pabilities and identifies research gaps that the present work aims to address.

2.1.1 Applications of dynamic modelling

Various applications of CO, capture systems require dynamic models to ad-
dress challenges that steady-state models cannot adequately handle
(Chikukwa et al., 2012; Wu et al., 2020). This subsection reviews the key
applications for which dynamic modelling is essential.

Dynamic models are needed for system identification and control devel-
opment. System identification models could enable prediction of transient
responses to disturbances and manipulated variables (MVs), which is essen-
tial for control design. Wu et al. (2020) emphasised that the development of
effective control systems relies heavily on understanding the dynamic be-
haviour of CO, capture systems, which dynamic models can represent
through system identification. Some dynamic models have been developed
for MEA-CA system identification to support the design of different control
systems. For example, dynamic models have been developed for designing
proportional-integral—derivative (PID) controllers (Nittaya et al., 2014) and
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MPC controllers (Cormos et al., 2015; Gaspar et al., 2015; Liang et al.,
2018), with the objective of tracking desired CO, capture rates.

Dynamic models are also needed for system monitoring and diagnosis.
During the capture process operation, it is vital for operators to detect faults,
such as sensor drift, actuator malfunctions and process anomalies, and to
assess controller effectiveness and maintain reliable operation. To achieve
this, dynamic models can be developed as soft sensors to generate the refer-
ence MVs and compare them with actual control actions. To ensure reliable
operation, the control system is normally designed to maintain a consistent
CO; capture rate (Magnanelli et al., 2021). Some dynamic models have been
developed for MEA-CA to study the regulation of lean solvent flow rate and
reboiler duty to ensure a constant CO; capture rate (Gaspar et al., 2015).

Dynamic models are required for operational optimisation, and interest
in optimising dynamic performance is growing as CO, capture is increas-
ingly integrated with CHP plants. To support optimisation, CO, capture sys-
tems need to respond to fluctuating heat demand, electricity prices and reg-
ulatory requirements for CO, emissions over time (Bui et al., 2014). Dy-
namic models are therefore needed to account for temporal constraints and
time-varying operating conditions (Bui et al., 2014). Some dynamic models
have been developed for operational optimisation with various objectives
(Cohen et al., 2012; Tang & Wu, 2023; Wang et al., 2023). For example,
Cohen et al. (2012) developed dynamic models to optimise solvent flow
rates and reboiler duties in response to time-varying electricity prices. Wang
et al. (2023) employed dynamic models to optimise capture operation con-
sidering available waste heat fluctuations in CHP plants.

Dynamic models are needed for performance estimation under actual op-
erating profiles since they can provide more accurate performance metrics
than steady-state models, offering useful insights and valuable support to
decision-makers and policymakers. Bui et al. (2014) noted that annual or
seasonal performance cannot be accurately estimated without accounting for
dynamic operation. Some dynamic models have been developed to examine
the CO; capture feasibility and capability in w-CHP or bio-CHP plants
(Magnanelli et al., 2021; Zhang et al., 2022). For example, Magnanelli et al.
(2021) investigated seasonal capture scenarios in waste-to-energy plants us-
ing dynamic models with real operational data, revealing clear deviations
from steady-state predictions.

Dynamic models of MEA-CA systems can be broadly categorised into
first principles-based models and ML-based models (Wu et al., 2020). First
principles-based models, built on mass transfer, heat transfer and chemical
kinetics, are high-fidelity but computationally intensive and require substan-
tial domain expertise (F. Li et al., 2015). ML models, built on data and ML
approaches, offer a promising alternative, especially for real-time
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applications, due to their lower computational cost (F. Li et al., 2015). How-
ever, systematic guidance on selecting appropriate dynamic modelling ap-
proaches for different applications in bio-CHP plants remains lacking,
which is addressed in the following sections.

2.1.2 First principles-based models of CO» capture

Rigorous first principles-based modelling is generally developed prior to
ML modelling for dynamic CO; capture systems. Dynamic modelling of the
CO; capture by MEA-CA can be done in different ways. Three approaches
commonly used in literature are included here.

A steady-state model can be used to approximate dynamic simulations,
an approach known as “ideal static model (IST)”. It is assumed that in each
time step the process is in steady state, but for different time steps, the input
parameters can vary. For example, Martinez Castilla et al. (2019) developed
an IST to study the influence of the variation of available heat for CO; cap-
ture. Results showed that, with the time step of 1 hour, the amount of cap-
tured CO; was 41.1 kt over a two-week period, when the available heat var-
ied hourly in the range of 80—150 MW, and the FG flow rate was kept con-
stant (140 kg/s).

Without controllers being implemented, dynamic models (Dw/oC) can
be used to study the natural response of CO, capture in the face of disturb-
ance. For example, Akesson et al. (2012) developed a rate-based dynamic
model of MEA-CA using Modelica to study the effect of FG flow rate fluc-
tuation, which was reduced by 30%. The CO; removal rate in the absorber
was shown to increase rapidly, while more than 1 hour was required for the
top temperature of the stripper to reach a new steady state. Bui et al. (2018)
developed a dynamic model to gain insight into the interaction between key
process parameters under realistic and flexible operation. The results
showed that increasing the MEA solution’s liquid-to-FG (L/G) ratio can re-
sult in higher CO» capture rates, while turning off the heat supply to the
reboiler leads to a gradual decline in reboiler temperature.

Dynamic models with controllers implemented (DwC) can be used to
handle the disturbance of input variations. For example, Lin et al. (2011)
developed a dynamic model with PI controllers in Aspen Dynamics. For the
increase of FG flow rate (a step change of 10%) or CO, concentration (a
step change of 16%), increasing the recycle solvent flow rate and reboiler
duty was needed to maintain a 90% removal target. Magnanelli et al. (2021)
developed a dynamic model in MATLAB to study capturing CO, seasonally
only when there is excess heat. The fluctuations of both FG and available
heat were thus included. The recycle solvent flow rate was adjusted to
achieve the designed L/G ratio of 3 kg/kg.
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There are some comparisons of different dynamic modelling approaches.
For example, Montaiiés et al. (2017) compared the IST with the DwC with
different control structures in Modelica for MEA-CA. Results showed that
the difference in the amount of captured CO; was approximately 2% over a
period of 8 hours, when the FG flow rate was ramped up from 70 to 100%
in 3 minutes. Martinez Castilla et al. (2019) estimated the amount of CO»
capture from an industrial steel mill CHP plant. Four models were com-
pared, including a “steady-state model” with a constant heat load, as well as
IST, Dw/oC and DwC with the actual heat load. Results showed that the
amounts over a two-week period were 40.9 kt, 41.1 kt, 41.9 kt and 42.4 kt
for the four models, respectively.

Although there are a few comparisons of different first principles-based
modelling approaches in the literature studies, there hasn’t been any guid-
ance on the selection of modelling approaches. This is largely because ex-
isting studies are conducted under heterogeneous conditions, with different
operating parameter ranges, evaluation metrics, and plant contexts (predom-
inantly coal-fired rather than bio/w-CHP plants), making cross-study syn-
thesis into actionable selection criteria difficult. Specifically, most studies
focus on the step change or ramp change of the parameters, which does not
reflect actual variations from bio/w-CHP plants. Moreover, only the varia-
tion of the FG flow rate or the available heat was considered. There is a lack
of comprehensive studies considering all possible key influencing parame-
ters from bio/w-CHP plants. Furthermore, the time step is another key pa-
rameter for dynamic simulations that can clearly affect the model accuracy.
However, little attention has been paid to studying its influence.

2.1.3 Machine learning-based models of CO; capture

There are some studies that have explored the use of ML models in dynamic
CO; capture systems by MEA-CA (Abdul Manafetal., 2016; Lietal., 2016;
Lietal., 2015; Li et al., 2018; Sha et al., 2025), including system identifica-
tion of control design and accurate assessment of CO; capture performance.
Table 2.1 summarises the ML models developed in the literature, including
their application, model inputs and outputs, and reported accuracy.

For the development of ML models, the selection of input features and
the determination of outputs are crucial (Wu et al., 2020). Improperly se-
lected input features can lead to poor model accuracy, and the improper out-
puts will make the model unrealistic and unable to be used since ML models
can only provide results for explicitly specified outputs.

The literature highlights a range of dynamic model applications, each re-
quiring different inputs and outputs. While ML models have been applied to
some applications (Abdul Manaf et al., 2016; Li et al., 2016; Li et al., 2015;
Li et al., 2018; Sha et al., 2025), including system identification of control
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design and performance assessment, others remain unexplored, such as sys-
tem monitoring and diagnosis and operational optimisation, as identified in
Section 2.1.1. In addition, there has been no holistic study on what should

be considered as inputs and outputs for different applications.

Table 2.1 Summary of machine learning models for dynamic CO; capture.

Application Model Inputs Outputs Accuracy Ref.
Nonli . *«CO,vol%at  APE? Ab
reozlelszsz e top absorber CO, capture fiul _

ETESSIVE <CO,vol%at  rate: 0.034
model with ex- Manaf

. top desorber  Energy pen-
ogenous input « Desorb v 0.012 et al,
(NLARX) esorber - alty: 0.012= 5416
top flow rate  0.064
Nonlinfear auto- | G flow rate MAPE*
regressive neu-
* FG CO,vol%* -20.99

System ral network with 2VOLse 13.2-20.9%

. . . . * Lean solvent and 0.1-

identification ~ exogenous input flow rate 98 3%

(NARX-NN) Rt dut . CO, cap- 3% .
Integral neural eborler duty ture rate MAPE (t a]
ntegr: ur et al.
* Reboiler 1.4-32.1% ’
twork (INN 2025
network ( ) temperature and 0.1-0.7% )
?hfysws—d . MAPE
inform inte-
gra(; n:ural nei— 1.1-3.7% and
| 0
work (PIINN) 0.02-0.3%
- MSE*
Bootstrap (Li et
aggregated neu- | £ flow rate 0.01-0.0771 al
ral network kg/s and Ny
* FG CO,vol% 2015
(BA-NN) 2 0.08-0.2% )
Bootstrap-ag- " FG pressure
t dP & * FG temperature ¢ CO, cap- MSE WLi et
Performance ~ S°82¢ X Lean solvent ture amount  0.0441 kg/s ' e
; treme learning fl . CO» cap- and al.,
assessmen machine  (BA- ow rate > cap 2016)
« Lean solvent ture rate 0.00043%
ELM) ¢
MEAwWt% RMSE* Ui e
Deep belief net-  * Lean solvent 0.000246 al‘ ¢
work (DBN) temperature kels and 2(')’18)
0.0321%

* FG: flue gas; CO,vol%: CO, concentration. * APE: absolute percentage error; MAPE: mean absolute

percentage error; MSE: mean squared error; RMSE: root mean squared error.

2.2 Control of CO; capture

The dynamic operation of bio-CHP plants leads to significant fluctuations
in FG flow rate, composition, and available heat for solvent regeneration,
all of which directly affect the performance of downstream CO, capture pro-
cesses (Li, Dong, et al., 2019; Tan et al., 2016). For MEA-CA, FG flow rate
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strongly influences the CO, removal rate in the absorber, CO» concentration
affects the regeneration heat duty, and available heat directly affects the gen-
erated CO: in the stripper (Enaasen et al., 2014). In addition, CHP plants can
also benefit from flexible operation in modern electricity markets, which can
further lead to frequent operational adjustments. CO; capture processes must
be capable of adapting to these varying operational demands via changing
CO; capture amounts in response to different operational and economic ob-
jectives under disturbances from load variations and fuel quality fluctua-
tions. Achieving such operational flexibility critically relies on robust con-
trol that can handle a range of variations.

Handling various operational variations requires two fundamental control
capabilities: setpoint tracking and disturbance rejection. Setpoint tracking
(such as of CO; capture rate) refers to the ability of the controller to make
the actual CO, capture rate follow changing setpoint values (Devarakonda
et al., 2025; Rohini et al., 2022). Disturbance rejection refers to the ability
of the controller to maintain desirable system behaviour by reducing the im-
pacts of disturbance (Devarakonda et al., 2025; Rohini et al., 2022). These
capabilities are particularly critical during operational variations of bio-CHP
plants. For flexible operation, the CO, capture rate setpoint should be ad-
justed in response to changing operational and economic conditions, such as
DH system balancing needs, electricity price variations, and carbon market
requirements. For example, the capture rate setpoint may need to be reduced
from 80% to 70% during peak electricity demand periods or increased from
70% to 90% during periods of high demand for carbon removal. In addition
to setpoint tracking, disturbance rejection is equally critical. Even when
maintaining a constant CO; capture rate setpoint, the controller must be able
to handle disturbances from FG variations. Biomass CHP plants experience
frequent FG flow rate changes and CO; concentration variations. These dis-
turbances directly affect the CO, capture rate and would cause unwanted
deviations from the target without proper control compensation.

Many efforts have been made in control design to achieve desired targets
during these operational transitions, including both conventional control
strategies, such as PID controllers, and advanced control strategies, such as
MPC (Wu et al., 2020).

2.2.1 Proportional-integral—derivative (PID) controllers

As the most conventional and reliable control approach, decentralised feed-
back control using PID controllers has been widely applied to maintain de-
sired capture rate and ensure process stability (Nittaya et al., 2014). For ex-
ample, Montafiés et al. (2017) developed PID controllers to maintain a re-
moval target of 85% and reboiler temperature of 120.9°C when FG flow rate
was ramped up from 13.5 kg/s to 19.3 kg/s based on the dynamic model in
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Modelica. The results showed that the required settling time (ST) was 71
min for CO; absorbed, 113 min for CO; desorbed, and 201 min for lean CO,
loading.

For PID controllers, conservative tuning leads to slower responses to
avoid oscillations, while aggressive tuning results in oscillatory behaviour.
Since PID can only react after deviations occur and operates based on a sin-
gle-input single-output (SISO) loop, it is difficult to achieve both fast and
smooth transitions simultaneously. These limitations in managing transi-
tions have motivated the investigation of advanced control strategies with
predictive capability and multivariable coordination.

2.2.2 Model predictive control (MPC)

MPC has been widely investigated as a promising control strategy for han-
dling various operational variations. Previous studies have demonstrated
that MPC offers distinct advantages over conventional PI/PID control
through three key capabilities: anticipating process dynamics through its
prediction horizon, explicitly handling multivariable interactions in the con-
trol framework, and optimising performance during state changes (Qin &
Badgwell, 2003). These characteristics make MPC suitable for MEA-based
CO; capture, where the slow dynamics can be anticipated through MPC’s
predictive capability, and the multivariable system can be handled explicitly
within MPC’s framework. Many studies have focused on designing and
evaluating MPC for CO; capture operations, primarily for setpoint tracking
and disturbance rejection tasks.

For setpoint tracking, some studies have demonstrated MPC’s superior
performance in following time-varying CO, capture rate targets (Sahraei &
Ricardez-Sandoval, 2014; Wu et al., 2018; Q. Li et al., 2021). For example,
Sahraei and Ricardez-Sandoval (2014) tested MPC’s setpoint tracking per-
formance when the setpoints ramped from 96.6% to 80% in 1.5 h using the
dynamic model in ASPEN HYSYS. The results showed that the ISEs for the
CO; capture rate were 8187.6 %*s for MPC and 14218.7 %%*s for PI. In
addition, the MPC-based control scheme was able to perform 45 min faster
setpoint changes than the PI-based scheme, with STs of 1.5 h and 2.2 h,
respectively. Q. Li et al. (2021) also tested setpoint tracking when the set-
points stepped from 70% to 80%, using the dynamic model in Aspen Plus
Dynamics. It was found that the integrated time and absolute error (ITAE)
of MPC (6.0134*10°) was greatly reduced compared with that of PID
(1.2052*10°).

For disturbance rejection, some studies have qualitatively evaluated
MPC’s performance under FG variations (Mehleri et al., 2015; Mejdell et
al., 2022; Wu et al., 2018). For example, Mehleri et al. (2015) tested MPC’s
disturbance rejection performance to a step increment of 20% in the FG flow
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rate. The results showed that implementing MPC enables fast recovery of
CO; capture rate to its setpoint with only small deviations. Mejdell et al.
(2022) tested MPC’s simultaneous disturbance rejection performance and
found that the FG flow rate changed from 160 to 200 m*/h and the CO2vo0l%
changed from 11% to 14.5%. The results showed that the capture rate was
kept at the setpoint value of 90% most of the time after initial transitions.

While literature studies demonstrate that MPC achieves superior perfor-
mance during operational variations compared to conventional PI/PID con-
trol, three critical knowledge gaps remain. First, existing studies predomi-
nantly focus on controller performance metrics, such as rise time, ST, and
ITAE (Q. Li et al., 2021; Mehleri et al., 2015; Mejdell et al., 2022; Sahraei
& Ricardez-Sandoval, 2014; Wu et al., 2018), while the evaluation of pro-
cess-level performance, such as cumulative CO, capture amount and energy
use, has received limited attention. Without quantifying process-level out-
comes, it remains unclear whether improved controller performance (e.g.,
faster settling) translates into meaningful operational benefits (e.g., higher
CO; capture amount), and if so, to what extent. Second, while existing stud-
ies have evaluated MPC’s rejection performance under different disturb-
ances, systematic quantitative assessment remains limited (Mehleri et al.,
2015; Mejdell et al., 2022; Wu et al., 2018), especially under simultaneously
coupled disturbances (FG flow rate and CO,vo0l%), which are characteristic
of bio-CHP operation due to load variations and fuel quality fluctuations.
Third, most existing studies focus on coal- or gas-fired power plants and
evaluate MPC under disturbances or setpoint changes of 10-20% in a single
direction (Q. Li et al., 2021; Mehleri et al., 2015; Mejdell et al., 2022;
Sahraei & Ricardez-Sandoval, 2014; Wu et al., 2018). However, bio-CHP
plants experience larger operational variations (potentially >30%) with bi-
directional changes due to the high variability of biomass fuel properties and
the dynamic nature of liberalised energy markets. Such bidirectional varia-
tions with larger magnitudes create more challenging control conditions yet
remain inadequately investigated in literature.

2.3 Assessment of CO, capture in biomass CHP plants

2.3.1 Plant-level assessment

Most previous studies have estimated the potential amount of CO, capture
and the associated costs of integrating CO» capture with CHP plants on the
plant level (Ignell & Johansson, 2021; Martinez Castilla et al., 2019; Oberg,
2017; Proll & Zerobin, 2019). For example, Ignell and Johansson (2021)
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evaluated the capture potential from a 220 MW w-CHP plant by using a
steady-state simulation of MEA-CA. Results showed that the amount of cap-
tured CO, was 500 kt/yr when it was assumed that the fuel consumption
remained unchanged. Due to the energy penalty of CO, capture, the gener-
ated heat and electricity were reduced by 80 GWh/yr and 50 GWh/yr, re-
spectively. It was also estimated that the annual capital cost was 7 million
euros per year (M€/yr), and the operating and maintenance (O&M) cost was
13 M€/yr, which led to an average CO; avoided cost of 42 €/tCO,. Oberg
analysed the cost of partial CO, capture from a w-CHP plant, which had a
thermal capacity of 46.2 MW (Oberg, 2017). Results showed that capturing
40% of CO» (about 43.2 ktCO»/yr) resulted in an investment of 26.3 M€ and
an O&M cost of 1.4 M€/yr. The average CO» avoided cost was 118 €/tCO..

However, existing plant-level assessments largely rely on steady-state
simulations. Our previous work has shown that variations in operating con-
ditions, such as the heat demand, can result in substantial changes in the
amount of captured CO; and energy penalty (Dong et al., 2023). Conducting
dynamic simulations of CO; capture is therefore crucial to obtaining accu-
rate results on CO; capture.

In some countries and regions, such as the Scandinavian countries, CHP
plants are in operation throughout the year and the core business of CHP is
to supply heat for the DH network; meeting heat demand is therefore usually
prioritised (Thorin et al., 2015). This implies that if the integration of CO;
capture reduces heat generation, other supplementary units will be needed
to compensate for such reductions. Although CHP plants are usually
equipped with supplementary units, their operations typically consume more
expensive fuels, such as bio-oil or even fossil fuel, which will largely in-
crease the operating costs of CHP plants and even lead to increased emis-
sions. It is therefore important to account for the constraint of maintaining
heat supply unchanged to obtain a realistic negative emission potential.
However, this constraint has not been explicitly incorporated in most assess-
ments, potentially leading to overestimation of the achievable CO, capture
potential.

2.3.2 National-level assessment

For policymakers, it is essential to understand the potential contribution and
the associated costs on the national level in order to make strategic plans to
promote the integration of BECCS in CHP plants.

A few studies have conducted assessments on the national level. Beiron
et al. (2021) estimated the capture potential for the integration of CO, cap-
ture in all Swedish bio-CHP and w-CHP plants. Two scenarios were con-
sidered: Scenario 1 was to maximise the electricity generation, and Scenario
2 was to maximise the heat generation. It was found that about 18.1
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MtCO»/yr could be captured in S1, which was more than could be captured
in S2 (15.0 MtCO»/yr). Results also showed that the delivered heat was re-
duced by 7.1 TWh/yr when maximising the electricity generation, while the
delivered electricity was reduced by 12.3 TWh/yr when maximising the heat
generation. Beiron, Norrmann et al. (2022) also conducted a techno-eco-
nomic assessment of capturing CO, from all Swedish bio-CHP and w-CHP
plants. Results showed that if 90% CO; is captured, which was about 19.3
MtCO,/yr, the electricity and heat generation will be reduced by around 20%
and 40%—60%, respectively. The estimated specific cost of CO, capture and
transportation via truck to intermediate storage hubs was in the range of 45—
125 €/tCO; for most CHP plants, depending on the plant size and utilisation.

The results of Beiron et al.’s studies clearly demonstrated that integrating
CO; capture with CHP plants will reduce heat generation and/or electricity
generation. Therefore, similar to the limitations identified at the plant level,
existing national-scale assessments have not fully accounted for the heat
supply constraint and likewise rely on steady-state simulations. The present
work builds on and extends Beiron et al.’s studies by explicitly incorporat-
ing the heat supply constraint and employing dynamic simulations to im-
prove the accuracy of national-scale negative emission assessment.
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3 Methodology

This chapter details the methodological approach underpinning Papers -
VI, covering dynamic modelling (Section 3.2), MPC evaluation (Section
3.3), and potential assessment (Section 3.4).

3.1 Overview

The methodology developed in this dissertation enables dynamic modelling,
control design, and negative emission assessment of CO; capture operation
in bio/w-CHP plants. Figure 3.1 illustrates the overall structure of this meth-
odology and how the methods connect across the three research questions.

RQ1 Selecting dynamic modelling approaches for different applications of CO, capture in biomass CHP plants

H |
! i
]

! | ¥ !
H Input of CHP plant First principles Machine learning Systematic comparison I
: operating data dynamic modelling surrogate modelling and selection guidance :
: Operating parameters: Tools: Aspen HYSYS/Plus Tools: Matlab/Python Applications: identification, I
| Flue gas, CO,vol%, Dynamics Models: Informer, LSTM, control, optimisationand |
H available heat Models: IST, Dw/oC, DwC BPNN prediction !
e e — I ————

System identification Controller configuration Testing and validation

Toolbox: Matlab System Identification Min [[¥_future —target]*+ AU Applications: Setpointtrackingand
MIMO model: Autoregressive > Toolbox: Matlab MPC > disturbance rejection
exogenous input (ARX) model Optimisation: quadprog Metrics: Controller/Process

performance metrics

Plant-level assessment National-scale assessment BECCS potential in Swedish
CHP plants
Models: First principlesmodelsfor the Models: Machine learning models for ey e
example CHP plant with CO, capture other CHP plants with CO, capture Metrics: Net/Avoided CO, emission;

1
]
1
1
1
1
]
Tools: Aspen Plus, Matlah Tools: Matlab
| S E— P > —> H
1
1
1
1
]
1
1

1
1
: €O, avoided cost
1
1

Operatingmode 1: Maximum capture (upper boundary) I Operating mode 2: Business as usual {lower boundary)

Figure 3.1: Methodology schematic outline for addressing research questions.

To address RQ1, two modelling approaches were employed: first princi-
ples modelling and ML surrogate modelling. Three first-principles models
were developed in Aspen HYSYS/Plus Dynamics: IST, Dw/oC, and DwC.
Based on the dynamic simulation data generated from first principles models,
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three surrogate models were developed in MATLAB and Python using dif-
ferent ML architectures (Informer, LSTM, and BPNN)).

To answer RQ2, the MPC was developed and implemented in MATLAB
and its performance was evaluated against conventional PI control under
typical operational scenarios, including setpoint tracking of CO; capture rate
and disturbance rejection to FG fluctuations. For RQ3, the assessment of
negative emission potential and associated costs when implementing CO>
capture in bio-CHP plants was first conducted at the plant level, based on
simulations in Aspen Plus. The plant-level results were further extended to
all bio-CHP and w-CHP plants in Sweden, with consideration of local oper-
ational constraints. More details about models and methods are given below.

3.2 Dynamic process modelling and simulation

3.2.1 Development of first principles-based models
3.2.1.1 Dynamic modelling of CO; capture

Ideal static model (IST). When IST is used for dynamic simulations, the
input parameters are updated at each time step of 30 minutes, and the system
is assumed to reach a new steady state instantaneously at each step. For this
approach, a steady-state model is first developed in Aspen Plus, with the
flowsheet shown in Figure 3.2 (refer also to Appendix Al (Figure Al) in
Paper I). The rate-based model is employed for both absorber and stripper
(Nittaya et al., 2014; Notz et al., 2012). Table 3.1 summarises the used col-
umn parameters, which are taken from the Tarong post-combustion capture
(PCC) pilot plant (Li et al., 2015) (refer also to Appendix Al (Table Al) in
Paper I). The steady-state model is then validated against measured data (Li
et al., 2015), with details provided in Appendix A.

Figure 3.2: Rate-based MEA simulation flowsheet in Aspen Plus.
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Table 3.1 Summary of model parameters and column settings (Li et al., 2015).

Model and column

. Absorber Desorber

properties
Number of stages 20 20
Packing material IMTP#38MM?* IMTP#38MM
Total packed height 7.136 m (4x1.784 m) ;)168 m (2x3.584
Column diameter 350 mm 250 mm
Flow model Mixed model Mixed model
Interfacial area factor 1.8 1.8
Initial liquid holdup 0.03L 0.03L

. . Discrxn® for liquid; Discrxn for liquid,;
Film resistance . .

Film for vapour Film for vapour

Discretisation points for 5 5

liquid film
Mass transfer correlation
Heat transfer correlation

Interfacial area method

Liquid holdup correlation method

Bravo et al. (1985)
Chilton-Colburn
Bravo et al. (1985)

Bravo et al. (1993)

Bravo et al. (1985)
Chilton-Colburn
Bravo et al. (1985)

Bravo et al. (1993)

2 IMTP#38MM: Intalox Metal Tower Packing 38 mm. ® Discrxn: discretised reaction.

Dynamic model without control (Dw/0C). For Dw/oC, a dynamic model
is developed in Aspen HYSYS V12.1 based on a pressure-flow solver,
where pressure loss is correlated to stream flow rates. The flow diagram is
shown in Figure 3.3.

—— MEA solution

— - — Gas

Heat MEA make-up

Lean MEA f
Product

Recycle
solution

Heat
exchanger

Absorber Stripper

Rich MEA

Flue gas

Pp

Reboiler

Figure 3.3: MEA-based CO, capture without control strategy.
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The primary input parameters are summarised in Table 3.2 (refer also to
Appendix A2 (Figure A2 and Table A4) in Paper I). A time step of 5 seconds
is used. The dynamic model is validated against the results from Harun et

al. (2012), with details provided in Appendix B.

Table 3.2: Dynamic model parameters (Harun, 2012).

Parameter Value
Absorber

Packing height and column diameter (m) 6.1/0.43
Packing type IMTP#38MM
Stage number 10

Stripper

Packing height and column diameter (m) 6.1/0.43
Packing type IMTP#38MM
Stage number 10

Flue gas (FG), solution and reboiler duty

CO2 volume concentration in FG (vol%) 17.5

Solution flow rate (kg/s) 314

Reboiler duty (kW) 155

Dynamic model with control (DwC). DwC uses the same dynamic model
as Dw/oC and additionally integrates PI controllers to achieve the set targets,
as shown in Figure 3.4 (refer also to Appendix A3 (Figure AS5) in Paper I).

The time step is also 5 seconds.
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Recycle
solution

Vented gas

Absorber

Rich MEA \'I:

Heat
exchanger

Removal
rate
Flue gas _Q—
Pump

—— MEA solution

Logic calculation
PID controller

— = Gas

TIC: Temperature controller
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Figure 3.4: MEA-based CO, capture with control strategy.
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The controlled and manipulated variables and their targets are summa-
rised in Table 3.3 (refer also to Appendix A3 (Table A7) in Paper I). The
controller configuration depends on the availability of heat (Qes). The CO,
removal rate is controlled by manipulating the lean MEA solution flow rate
using FIC1 (flow rate indicating controller), where CO, removal rate is cal-
culated based on the CO, amount in the FG and in the vented gas from the
top of the absorber. The reboiler temperature is controlled by manipulating
the reboiler heat duty using TIC2 (temperature indicating controller) (Lin et
al., 2011). When the available heat is used as the input parameter, TIC2 is
deactivated and the lean loading is controlled by manipulating the lean MEA
solution flow rate using FIC1. Regardless of heat availability, the liquid
level indicating controllers (LIC) remain active, maintaining liquid levels at
their setpoints by adjusting the outlet solution flow rates.

Table 3.3: Manipulated and controlled variables and targets (Harun et al., 2012;
Nittaya et al., 2014).

Controller = Manipulated variables Controlled variables Target

Removal rate (when availa-
ble heat can meet need of re-  90%

FIC1* Lean solution flow rate boiler)
Lean loading (when availa-
ble heat is input) 0.287 mol/mol
FIC2 gza (l;e-up of MEA and pp s balance MEA 30 wt%
* Cooling supply to conden-
TICI ser Condenser temperature 350K
TIC2 Heat supply to reboiler Reboiler temperature 386 K
TIC3 Cooling supply to cooler Lean solution temperature 314K
LIC1” Reflux flow rate Liquid level of condenser 50%
LIC2 Recycle solution flow rate  Liquid level of reboiler 50%

*FIC: flow rate indicating controller, TIC: temperature indicating controller, LIC: level indi-
cating controller.

3.2.1.2 Model scale-up

To be able to compare different approaches under identical input conditions,
areal w-CHP plant is selected as the case study. The thermal capacity of the
plant is 167 MWy,, and the fuel mainly consists of household waste, indus-
trial waste, and recycled wood. The FG data collected from the plant over
the period of 1 January 2017 to 31 December 2017 are used as input param-
eters for simulations and are illustrated in Figure 3.5 (refer also to Section
2.2.1 (Figure 1) in Paper I). The time resolution is 30 minutes. In general,
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the variation of FG flow rate and CO,vol% are in the range of 180.57—
375.21 kNm’/h and 7.70-15.72 vol%, respectively.

—Flue gas flow rate —CO, concentration
400

350 6

AR ) ST VY T

CO, concentration (%)

Flue gas flow rate (kNm3/h)

Figure 3.5: Flue gas data from a w-CHP plant.

Based on the method proposed by Otitoju et al. (2020), the dimensions
of the absorber and stripper are estimated, including the diameter and height
of the packed columns, with details provided in Appendix A3 in Paper L. For
other vessels, including the reboiler and the buffer tank between the absorber
and stripper, their volumes are determined based on a residence time of 10
minutes for the incoming liquid and a liquid level of 50%. The scaled-up
system parameters and other required input parameters, including the lean
MEA solution and FG, are summarised in Table 3.4 (refer also to Appen-
dices A1-A3 (Table A3, A6 and A8) in Paper I).

Table 3.4: The scaled-up capture system and other input parameters.

Components Value Input streams Value
Packing type IMTP#38MM Temperature (K) 319.7
Ab- o Flue
sorber Height/diameter (m) 17.4/8.7 gas 0O, (vol%) 2.7
Pressure (kPa) 101.3 H,0 (vol%) 4.8

Packing type IMTP#38MM MEA  concentra- 30

tion (wt%)

Height/diameter (m) 10.9/4.3 Lean loading 0.287
Lean
Strip-  Reboiler volume (m?) 352 MEA  Temperature (K) 314
per Volume of tank between solu-
. W 330 .
absorber and stripper (m”) tion Model-
Condenser/reboiler tem- 350/386 Flow rate (kg/h) depe?d

perature (K) ent

Condenser pressure (kPa) 159

*IST: manipulated by design specifications; Dw/oC: kept constant. DwC: manipulated by
controllers.
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3.2.1.3 Key performance indicators (KPIs)

The accumulated amount of captured CO, and the average specific reboiler
duty are employed as KPIs to compare the overall performance of different
approaches. The amount of captured CO; is calculated by integrating the
dynamic results over a period of 4 hours, as shown in Equation 3-1. The
average specific reboiler duty is calculated by taking the average over the
period of 4 hours of reboiler duty per unit of captured CO,, as shown in
Equation 3-2.

t
CCOZ,acc = fo COme(t)dt (3'1)
_ [rep(at
SRDave = Jy €02pro(t)dt (3-2)

Cco2,acc 18 the accumulated amount of captured CO over the time of 4
hours, tonne/4 h; CO2,,.,(t) is the amount of CO; in the product stream at
the time ¢, tonne/h; SRD,,,,. is the average specific reboiler duty per unit of
captured CO; over the time of 4 hours, MJ/kg, and Q,.p (t) is the reboiler
duty at the time ¢, GJ/h.

3.2.2 Development of machine learning-based surrogate
models

Three ML approaches were selected.

Informer is a deep neural network architecture designed for sequence mod-
elling, which captures dependencies between input elements by assigning
importance weights. It introduces a probabilistic sparse self-attention mech-
anism to reduce computational costs by focusing on the most informative
queries (Zhou et al., 2021).

Long short-term memory network (LSTM) was proposed to address the
issue of recurrent neural networks, namely vanishing gradient and thus poor
ability to learn long-term dependencies (Shahbaz et al., 2021). It introduces
memory cell units, which facilitate the retention of relevant information
across long sequences and consist of three gates: input gate, forgetting gate,
and output gate. This architecture enables LSTM to capture both short-term
and long-term dependencies, possibly making it an effective tool for dy-
namic systems with delayed responses.

Back-propagation neural network (BPNN) is a multilayer feed-forward

network, with simpler architecture than Informer and LSTM. In a neural
network, each layer is composed of neurons that are interconnected. The
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layers work together to process data through a series of transformations. The
learning process involves signal-forward propagation and error-back propa-
gation. The core is designed to constantly adjust the weights and biases of
the neurons in each layer to minimise the error. Although BPNN is not in-
herently designed for sequence modelling, time-series data can be trans-
formed into a static tabular format compatible by employing a sliding win-
dow technique (D. Li et al., 2021). BPNN has high nonlinear mapping and
good generalisation ability using the global approximation method (Pan et
al., 2024).

To compare the performance of ML models, the MAPE and mean abso-
lute error (MAE) were employed as performance metrics, defined in Equa-
tions 3-3 and 3-4, respectively.

n

MAPE = X ?:1|y"y;iy7| x 100% (3-3)

1 ~
MAE = S311(; = )| (3-4)

where n is the sample size; y; is the i” actual value; and 7, is the i predicted
value.

The datasets generated by the physical models, including input and out-
put variables, were divided into training data (70%), validation data (10%),
and testing data (20%). This split follows common practice in ML model
development. The performance metrics were calculated based on testing
data.

3.3 Model predictive control design

MPC relies on an explicit process model to predict system dynamics and
optimise control decisions (Darby & Nikolaou, 2012). The methodology
therefore consists of two main components: model identification and con-
troller design.

3.3.1 System description and model identification
3.3.1.1 Dynamic model

The MEA-CA was simulated in Aspen Plus Dynamics V.14 with input con-
ditions listed in Table 3.5. As rate-based RadFrac models are not supported
(Q. Lietal., 2021), the equilibrium-based approach was adopted with Mur-
phree stage efficiencies of 0.25 and 1.0 for the absorber and stripper, respec-
tively (01, 2007). Figure 3.6 shows the converted dynamic model.
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Table 3.5: Streams under the designed operating point (Dong et al., 2023; Zanco et
al., 2021; Zhou et al., 2022).

Mass streams

Flue gas Lean MEA solvent

Temperature (K) 319.7 Temperature (K) 314
Flow rate (kg/s) 86.44 Flow rate (kg/s) 269.04
Pressure (kPa) 101.3 Pressure (kPa) 101.3
CO2 (vol%) 13.48 MEA concentration (wt%) 30
N2/O2/Ha0 (vol%)  79.02/2.7/4.8 (erlf)?cl‘(’)‘z‘};‘;flME ) 0.287
Heat streams

Reboiler duty (MW)  61.22 Condenser duty (MW) 0.89

Figure 3.6: Flowsheet of the designed MEA-CA in Aspen Plus Dynamics.

3.3.1.2 Data generation and system identification

To implement MPC, a computationally efficient dynamic model is required
for real-time optimisation and prediction (Darby & Nikolaou, 2012) by us-
ing System Identification Toolbox in MATLAB (Lennart, 1999).

The MEA-CA process has multiple inputs and outputs. Two disturbance
variables were included: FG flow rate (u#;) and FG CO, concentration (u.).
Two MVs were selected: lean solvent flow rate (u3) and reboiler heat duty
(u4). Two CVs were selected: CO; capture rate (y;) and reboiler temperature
(y2). This configuration results in a 4-input, 2-output MIMO system. Input—
output data were generated using the Aspen Plus Dynamics model from Sec-
tion 2.1.2. Random multi-level signals were applied to all four inputs, as
shown in Figure 3.7. The input ranges were determined based on the real
bio-CHP plant specifications. Data were sampled at 18-second intervals.
The simulation duration was set to 6 hours to ensure sufficient data for
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reliable system identification, allowing multiple transient responses to be
captured. This generated a dataset of 1200 input—output samples suitable for
system identification.

(a) Flue gas flow rate (b) Flue gas CO; content
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Figure 3.7: Implemented random signals for system identification (a): Flue gas
flow rate; (b): CO» content; (c): Lean solvent flow rate; (d): Reboiler duty.

Different identification approaches were evaluated to determine the most
suitable model structure. These included state-space models, transfer func-
tion models, and autoregressive exogenous input (ARX) models (Lennart,
1999). The ARX model structure was selected based on its superior predic-
tion accuracy and computational efficiency (Perez & Yang, 2022). ARX
models can be expressed as polynomial functions of past outputs and cur-
rent/past inputs (Lennart, 1999). A standard parametric form of an ARX dis-
crete time model is described by Equations 3-5 and 3-6. The identified ARX
models were then converted into state-space form for integration with the
MPC framework described in Section 2.2 (Wu, 2022).

y1(6) = Xpt  arpe X y1(t — k) + X%, agop X v (6 — k) +
L TR b X wy(t — g — k) + e, () (3-5)
y2(t) = ZZ“:l Az X ¥o(t — k) + Zzazl Ay1p X y1(t — k) +
1Tk by X wi(t = my; — k) + ey () (3-6)

where n, is the autoregressive order (number of past output lags), a; , are
autoregressive coefficients for output y;, a;j, are cross-coupling coeffi-
cients from output y; to output y;, n,, is the exogenous input order (number
of past input lags), b;; x are input coefficients from input u; to output y;,
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ny,j represents the time delay from input u; to the outputs, e;(t) is model-
ling error (white noise), and t is the time step. The model structure explicitly
captures the coupling between the CO; capture rate and the reboiler temper-
ature through the cross-coupling terms.

3.3.2 Model predictive control design

3.3.2.1 MPC formulation and implementation

To achieve flexible operation of the CO, capture process, a standard linear
MPC framework was employed (Camacho & Bordons, 2007). The MPC
formulation follows the conventional approach widely adopted in CO; cap-
ture control studies (Q. Li et al., 2021; Wu et al., 2018), which optimises
control actions while explicitly handling operational constraints and multi-
variable interactions. The implementation was tailored to the MEA-CA sys-
tem, with specific tuning parameters selected to ensure satisfactory control
performance for the operational scenarios investigated in this study.

At each sampling instant, the MPC solves an optimisation problem that
minimises both the deviation of CVs from their reference trajectories and
the aggressiveness of control actions over a future time horizon. After de-
termining the optimal control input sequence, only the first element of the
optimal control sequence will be applied to the operation of CO, capture,
and the optimisation is repeated at the next sampling instant with updated
measurements. Consistent with the formulation used in previous CO, cap-
ture MPC studies (Q. Li et al., 2021; Wu et al., 2018), the cost function for
a linear constrained MPC algorithm is defined from Equations 3-7 to 3-10:

N.
J = 22 Okai = 1iad)" QWkari — Tiewd) + Yie Mty RAU;  (3-7)

(Auk+i)min = Auk+i < (Auk+i)max (3'8)
(uk+i)min S Uy < (uk+i)max (3-9)
(yk+i)min < Vi+i < (yk+i)max (3'10)

where ] is the cost function, N,, is the prediction horizon, N, is the control
horizon, yj.; are the predicted CVs, 1,,; is the desired setpoint trajectory,
Q is the output tracking weight matrix, R is the input rate penalty matrix,
Auy, ; 1s the change rate of manipulated inputs, and uy ; is the manipulated
inputs. The subscript k + i denotes prediction at time step k + i; min and
max are the minimum and maximum constraints.

To solve the optimisation problem described above, a prediction model
is required to represent the dynamics of the CO, capture process. The iden-
tified ARX model from Section 2.1.3 serves as the prediction model, ena-
bling the MPC to forecast the future behaviour of CVs based on current
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system state and proposed control actions. To facilitate MPC implementa-
tion, the ARX model was converted to the state-space form following stand-
ard procedures (Q. Li et al., 2021; Olesen et al., 2013), which simplifies the
multi-step prediction and constraint handling. The discrete time state-space
model takes the form as Equations 3-11 and 3-12:

Xk+1 = Axk + Buuk + dek (3—11)
Vi = ka + Dddk (3-12)

. T

where x;, is the state vector, u;, = [uk,liuk,z] are the MVs (lean solvent
. T .

flow rate and reboiler heat duty), d;, = [dk,1' dk,z] are the measured dis-

turbance variables (FG flow rate and CO, concentration), y;, = [yk,l, yka]T
are the CVs (CO; capture rate and reboiler temperature), and the matrices A,
B,, B4, C and D, are obtained from the ARX-to-state-space conversion
(Olesen et al., 2013).

The optimisation was reformulated as a standard quadratic programming
problem and solved at each sampling instant using MATLAB’s quadprog
solver. The tuning of weighting matrices and horizons in Equation 3-7 was
performed to obtain satisfactory control performance for the CO, capture
system. In this work, the weights for y,, y,, Au; and Au, are 1, 10, 1 and 1,
respectively, with higher weight on reboiler temperature to ensure thermal
stability and prevent equipment damage. The sampling interval in the Aspen
Dynamics® model is set to be 0.005 h to ensure both the convergence and
computational feasibility. The prediction and control horizons of MPC are
set at 0.05 h and 0.005 h (corresponding to 10 and 1 intervals), respectively.
The process input and output constraints (Table 3.6) were obtained based on
the real FG from a bio-CHP plant to maintain operational safety and stability.

Table 3.6: Process constraints considered in the MPC formulation.

Variables Minimum Maximum

Manipulated variables
Lean solvent flow rate (kg/s) 102 326
Reboiler heat duty (MW) 34 71

Manipulated variables change rate

Change rate of lean solvent flow rate (kg/s

. -25.37 14.83
per sampling interval)
Change rate of reboiler heat duty (MW per 762 989
sampling interval)
Controlled variables
COz capture rate (%) 50 100
Reboiler temperature (°C) 112 120
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3.3.2.2 Flexible operation cases of CO; capture from bio-CHP plants

To systematically evaluate MPC performance under realistic operational
challenges of bio-CHP plants, three representative cases are defined, cover-
ing setpoint tracking and disturbance rejection capabilities.

Case 1: Setpoint tracking with varying capture rate. This case evaluates
the controller’s ability to make the actual CO, capture rate follow changing
CO; capture rate setpoints. The CO; capture rate setpoint varies bidirection-
ally between 60% and 100%.

Case 2: FG flow rate disturbance rejection. This case evaluates the con-
troller’s disturbance rejection capability when the CO; capture rate setpoint
is held constant. The FG flow rate varies between 60% and 100% of its
nominal value, simulating boiler load changes. The controller must adjust
lean solvent flow rate and reboiler duty to compensate for these FG flow
rate variations and maintain the capture rate at its setpoint.

Case 3: Simultaneous disturbance rejection of FG flow rate and CO;
concentration. This case considers simultaneous variations in both FG flow
rate (60—100% of nominal) and CO, concentration (60—100% of nominal).
Such coupled disturbances represent realistic operating conditions in which
boiler load changes occur together with fuel quality variations.

These three cases provide comprehensive evaluation: Case 1 tests the ability
to follow changing setpoints (command tracking for flexibility), and Cases
2 and 3 test the ability to maintain constant setpoints against disturbances
(disturbance rejection for stable operation).

3.3.2.3 Performance evaluation metrics

To comprehensively evaluate controller performance across the three oper-
ational cases, two categories of metrics are employed: controller perfor-
mance metrics that assess dynamic response characteristics, and process per-
formance metrics that quantify overall operational outcomes.

Controller performance metrics. Different operational cases require dis-
tinct evaluation approaches. For setpoint tracking evaluation, four key met-
rics are employed. Rise time (RT) is defined as the time required for the CV
to reach 90% of the new setpoint value from its initial value. Overshoot (OS)
represents the maximum percentage deviation beyond the target setpoint
during the transient response. Settling time (ST) measures the duration for
the CV to reach and remain within +2% of the desired setpoint. Integrated
absolute error (IAE) provides a comprehensive measure of tracking
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performance by calculating the absolute tracking error accumulated over the
entire operation period, based on the differences between the desired set-
points and the actual outputs, defined as Equation 3-13:

IAE = 3, |yep(®) — y(©)] (3-13)

where yg,, (t) is the setpoint, y(t) is the actual output at any given time, and
tr is the final time of the evaluation period.

For disturbance rejection evaluation, three metrics are employed. Recov-
ery time (RTd) is defined as the time required for the CV to return and settle
within £2% of its setpoint after a disturbance occurs. Maximum deviation
(MD) represents the maximum absolute deviation of the CV from its set-
point during the disturbance response period. IAE accumulates the absolute
deviation from the setpoint over the entire operation period.

Process performance metrics. Beyond controller performance, the overall
operational effectiveness is evaluated using process-level metrics. The total
CO; capture amount represents the cumulative amount of CO; captured over
the operation period. Average specific reboiler duty quantifies the thermal
energy use per unit of CO; captured, indicating energy efficiency. To avoid
the dilution effect of long steady-state periods where both controllers per-
form similarly, the process performance metrics are evaluated within tran-
sient time windows rather than over the entire operation period. The time
windows are selected to encompass each transient event from initiation to
stabilisation, as specified for each case in Section 3.

3.4 Potential assessment framework

A bottom-up approach is established to analyse the negative emission po-
tential for integrating CO, capture in CHP plants and the related costs on the
national level, with its scheme shown in Figure 3.8 (refer also to Figure 1 in
Paper VI).

3.4.1 Modelling an example CHP plant

3.4.1.1 Configuration of the example plant

The schematic of the w-CHP plant integrated with CO; capture is illustrated
in Figure 3.9 (refer also to Figure 2 in Paper VI). It comprises a boiler, a
Rankine cycle, a MEA-CA CO; capture unit, and a CO, compression unit.
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Nationwide analysis

Influence on electricity generation =

Aggregation of all S{Ele.cos — Fle-yoncs):
CHP plants

Negative emission = 3(Negative emission);

Operating cost = 3(Operating cost );

Example CHP plant

Figure 3.8: Scheme of the bottom-up approach.

3.4.1.2 System modelling

To simulate the CHP plant shown in Figure 3.9, an Aspen Plus model is
developed for the Rankine cycle, including both electricity and heat gener-
ation. A dynamic model for CO; capture is developed in Aspen HYSYS
Dynamics, which can adequately consider the influence of varied energy
demands on the performance of CO, capture. These two models are coupled
in simulation.

CO, capture and compression o, product Chiller
Transport
Cleaned Cooler ‘ Compressor
flue gas
5 5 Condenser |
k! g .
S g2 |
k] Heat o .
2 :
exchanger |
Flue gas | ®
I R B —
|
% ¥® ® District
heating
_________ [ I )| heating
condenser |
_____ 1 @
Electricity | . —-{—--—-- —
|
—— —> Steam turbine ° N
| | )
| | | RO IR G N
| | v ‘v ||
r— H
Waste | Condenser [ =
——| Boikr | ! |
| | . Water
| = Bypasssteam | | __ . __ . . __ . __ .. __ .. _ .. .. _
Air | condenser | Flue gas
— L |
—| I " CO, product
—— .« — . Heating
Waste_cHP | Feedwater heat exchanger system ‘ _____ Steam

Figure 3.9: Schematic of integration of w-CHP and CO, capture and compression.
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3.4.1.3 Operating modes of the plant
Two operating modes have been identified for CO, capture, which corre-

spond to the lower and upper limits for the potential amounts of captured
COa.

Operating mode 1 (OM1): is designed to maximise the amount of captured
CO; (COsmax_upper) under the prerequisite that the heat generation (the
heat supplied to the DH network) remains unchanged. The electricity gen-
eration can be sacrificed to enable capturing more COs.

Operating mode 2 (OM2): is designed to maximise the amount of captured
CO; (COmax_lower) under the prerequisite that both the heat generation
and the net generated electricity remain unchanged.

Figure 3.10 (refer also to Figure 3 in Paper VI) shows the flowchart for sim-
ulating OM1 and OM2. The operation of the CHP plant without CO, capture
is first simulated according to the heat demand to obtain electricity genera-
tion. There are constraints on the operation of the boiler, the steam turbine,
and the CO; capture unit. When they are below their minimum loads, they

will be shut down.

| Input: Heat demand |

Simulation
CHP plant operation without CO, capture

Simulation
CHP plant operation with CO, capture l Electricity eference
Initialisation: CO, capture amounttarget

Constraints: Heatgeneration = Heat demand
> [Initialisation:CO, capture amounttarget

Increase of Constraints: Heatgeneration = Heat demand
boiler load Electricityco, = Electricityreference
amount = target?.
Decrease of
electricity generation NO Increase of

Boiler load is boiler load €O capture =
maximum? amount=target?

NO

Boiler load is
maximum?

YES

Simulation
CHP plant operation with CO, capture

NO Electricity

generation is 02

|

Output
Net CO, emission, avoided CO, emission, generated CO,,
captured CO,, electricity generation, fuel consumption

Figure 3.10: Calculation flowchart for two operating modes.

When CO, capture is integrated, compared to the CHP plant without CO,
capture, total heat generation is assumed to remain unchanged in both OMs.
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However, the distribution of heat from different sources may vary, for ex-
ample, from the condensers of extracted steam and FG. Since this study
mainly focuses on the capture potential, the detailed operating results of the
CHP plants are not presented. More details about the heat generation can be
found in Wang et al. (2023).

3.4.1.4 Key performance indicators (KPIs)

The yearly captured CO, is a KPI and is calculated by aggregating the hourly
results obtained by doing hourly simulations, as shown in Equation 3-14. In
addition, the capture rate (Rc(5), the change in fuel consumption (AF), and
the change in net electricity generation (AEL) are also employed as KPIs,
and are defined from Equation 3-15 to Equation 3-17, respectively.

Ceoz = X57°° Opt(Mmcoz,j) (3-14)

Reor = Ccoz/(Gcoz)integ *100% (3-15)
AF = Fipteg — Fref (3-16)

AEl = Elyer — Elipteg (3-17)

where mco, ; is the optimised amount of captured CO; at the J™ hour, Ccos,

is the amount of captured CO; annually, Gy, is the amount of generated
CO; annually, F and El are the amounts of consumed fuel and net electricity
generation, respectively, and the subscripts integ and ref indicate the inte-
grated system with CO; capture and compression and the w-CHP reference
plant without CO; capture and compression, respectively.

As waste contains both a fossil share and a biogenic share, the generated
CO; is also correspondingly divided into fossil CO; originated from the fos-
sil share, and biogenic CO, originated from the biogenic share. Capturing
fossil CO; can only achieve a maximum of zero emission, while capturing
biogenic CO; can achieve negative emission. To take this into account, an-
other KPI, net CO; emission (NetE), is introduced, as shown in Equation 3-
18. When it is positive, it implies that the captured COs is less than the gen-
erated fossil CO,, while if it is negative, it implies that the captured CO; is
more than the generated fossil CO,.

NetE = (Gcoz)integ * %ros — Ceoz (3-18)

where @y, is the fossil fraction of the used fuel.

In addition, as more fuel can be utilised when CO; capture is included,
the avoided CO, emission (Aq2) is also employed to estimate the contribu-
tion of BECCS more accurately, as defined by Equation 3-19.

Acoz = (Gcoz)ref * Apos — NetE (3-19)
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To evaluate the economic performance for the integration of CO; capture,
the life-cycle cost (LCC), which gives the total cost of CO, capture over its
life cycle, and the levelised cost of CO, avoided (LCCA) are employed as
KPIs, which can be calculated by Equations 3-20 and 3-21.

LCC = CAPEX + ¥[_,[OPEX/(1 + )] (3-20)
_ r(1+r)t
LCCA = (CAPEX Tt OPEX)/Aco (3-21)

where CAPEX is the total capital expenditure, OPEX is the annual O&M
expenditure, t is the economic life of the plant, and r is the discount rate.
No salvage value is considered at the end of the plant’s life.

Table 3.7 (refer also to Table 1 in Paper VI) shows the estimation of
CAPEX and OPEX. For CAPEX, the Aspen Process Economic Analyzer
(APEA) is first used to estimate the total direct cost (TDC) associated with
constructing the CO; capture and compression plant. Other costs associated
with the supportive materials and labour, facilities, engineering, contractors,
and contingencies for plant construction and CAPEX are estimated based
on TDC using multiplicative factors, which are taken from the U.S. Depart-
ment of Energy report (Christensen & Dysert, 2011; Gerdes et al., 2011).
OPEX consists of both fixed OPEX and variable OPEX (Li et al., 2015).
The variable OPEX (OPEX,qriapie) can be calculated by Equation 3-22.

OPEXvariable = ZZ=1(UPchemical,k * Mchemical,k) + UElelectricity * AEL
(3-22)

where p is the total number of chemicals that are used in the CO, capture
process, k indicates the & chemicals (MEA solvent, cooling water, and cor-
rosion inhibitor), UP;pemicar and UElgjectricity are the unit price of chemi-
cals and electricity, respectively, and M pemicq: 1S the amount of consumed
chemicals.

3.4.2 National aggregation of all CHP plants

3.4.2.1 Assumptions
As all bio-CHP and w-CHP plants have different installed capacities but
similar system configurations and operating strategies, the results of the ex-
ample plant can be adapted to other plants. However, simulations based on
physical models are highly time-consuming. For the assessment on the na-
tional level, ML models are developed to replace the physical models when
simulating all CHP plants. To simplify the calculation, the following as-
sumptions are made regarding CHP plants:

e All CHP plants use the same waste fuel as the example plant.

e All CHP plants have the same minimum boiler load ratio as the
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example plant.

e All CHP plants have the same maintenance schedule as the example

plant.

e All CHP plants use the same CCS technology as the example plant.

Table 3.7: The factors used in the assessment of CAPEX and OPEX (Christensen
& Dysert, 2011; Gerdes et al., 2011; Li et al., 2015).

Item Assumption Inclusion
CAPEX
. Di fi i ial

Total direct cost (TDC) Calculated by APEA trect costs for qulpment, materials, and
labour for construction.
Non-manufacturing fixed-capital invest-

Total indirect cost ment for construction overhead, such as

20% of TDC . ’
(TIC_cost) %0 land, administrative and other offices,

Bare erected cost (BEC)

Engineering and contractor
(EC)

Engineering  procurement
and construction (EPC)

Process contingency (PC)

Project contingency (PJC)

Total plant cost (TPC)

Owner’s cost (OC)

CAPEX

OPEX

Fixed OPEX
Variable OPEX

OPEX

TDC+HTIC_cost

27% of BEC

127% of BEC

25% of BEC

20% of EPC + 5% of
BEC

120% of EPC + 30%
of BEC

15% of TPC

115% of TPC

3% of CAPEX

3% of CAPEX +
Variable O&M cost

warehouses, shipping, etc.

Total investment for process equipment,
on-site facilities, infrastructure that sup-
ports the project, and the direct and indirect
labour required for its construction.

Costs related to designing the project (engi-
neering) and building it (construction).

Costs paid to the contractor responsible for
the project’s engineering, procurement, and
construction.

Allowance for unforeseen risks or changes
specifically related to the engineering and
design processes.

The contingency reserve set to cover un-
foreseen costs and risks during the project,
including the design and construction
phases.

Fixed-capital investment needed to supply
required manufacturing and plant facilities.

Working capital necessary for the operation
of the plant before sales revenue becomes
available, such as financing costs.

Total capital investment to complete a pro-
ject.

Total maintenance and labour costs.
Costs of the chemicals and electricity used.

Total operational and maintenance costs
during the operational phase of a project.
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3.4.2.2 Modelling other CHP plants

Figure 3.11 (refer also to Figure 4 in Paper VI) shows the calculation process
of other CHP plants. The operation of CHP plants, such as the generated
electricity, the consumption of fuel, and the generated CO», is mainly de-
pendent on the heat demand, which is further dependent on the meteorolog-
ical parameters, such as the ambient temperature and the wind speed. Ac-
cordingly, the results of the example plant are first used to train an ML
model (ML _CHP), which can determine the amount of generated CO,, the
net electricity generation, and the amount of captured CO; according to the
heat demand. This ML _CHP will be also used for other CHP plants. Due to
the lack of actual hourly heat demands of other DH networks, it is further
assumed that the variation in heat demands in different regions of the coun-
try has the same pattern as that of the example plant, and that heat demands
are mainly dependent on the local meteorological parameters, i.e., the local
ambient temperature and wind speed (Wang et al., 2022). Based on this as-
sumption, another ML model (ML demand) is developed using the data
from the example plant. This model is then used to estimate the hourly heat
demands for other locations.

3.4.2.3 Result aggregation

Once the results are obtained for each CHP plant, the negative emission po-
tential and the associated cost on the national level can be calculated by ag-
gregating them, as shown in Equations 3-23 to 3-30.

(Ccoz)nation = Li=1(Co2)i (3-23)

(Reo2)nation = (Cco2)nation/ (Geoz)integnation * 100% (3-24)
(AF)nation = Xi=1(AF); (3-25)

(AEDnation = Xi=1(AED); (3-26)

(NetE)nation = Xi=1(NetE); (3-27)

(Acoz)nation = Li=1(Aco2)i (3-28)

(LCO)nation = Li=1(LCC); (3-29)

(LCCA)nation = [(CAPEX)nation * (rl(j:):)_tl + (OPEX)nation]/(ACOZ)nation

(3-30)

where n is the total number of CHP plants in the country, and the subscripts
i and nation indicate the i CHP plant and the aggregated performance for

all CHP plants.
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Figure 3.11: Calculation flowchart for other CHP plants.

# The ML model is designed to predict hourly heat demand by using hourly ambient temper-
ature and wind speed as the input. * The ML model is designed to predict hourly generated
COz, net electricity generation, and captured CO2 by using hourly heat demand as input.
Where Tams is the hourly ambient temperature, Sums is the hourly wind speed, Opu is the
hourly heat demand, E/ is the hourly net electricity generation, Qi» and Elin are the installed
capacities of heat and electricity, Gco: is the hourly generated CO2, Cco: is the hourly cap-
tured CO2, CAPEX is the total capital expenditure, OPEX is the annual O&M expenditure,
LCC is the life-cycle cost and LCCA is the levelised cost of CO2 avoided. The subscript y
represents the aggregated yearly value. The subscripts ex and i represent the values of the
example CHP plant and CHP plant i.

3.4.3 Case study — Sweden

To demonstrate the effectiveness of the proposed method, Sweden is em-
ployed as a case study.
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3.43.1 Example plant

The w-CHP plant located in Visteras is chosen as the example plant. The
main operating parameters of the example plant with CO» capture and com-
pression are listed in Table 3.8 (refer also to Table 2 in Paper VI).

Table 3.8: Main operating parameters of the example CHP plant with CO, capture
and compression.

Parameters Value

W-CHP plant (Li, Wang, et al., 2019; Wang et al., 2023)

Fuel flow rate (kg/s) 16.6
Fuel heating value (lower heating value) (MJ/kg) 12
Maximum electricity generation of the steam turbine, gross (MW) 50
Turbine condenser capacity (MW) 110
Flue gas (FG) condenser capacity (MW) 30
Bypass steam condenser capacity in heat-only mode (MW) 160
Live steam temperature (°C) 470
Live steam pressure (MPa) 7.4
Biogenic fraction (%) 55
Heat demand (GWh/yr) 835.72
Unused boiler capacity (%) 6.1
FG composition (vol%)

CO2 12.7
02 3.8
N2 73.7
H20 9.8

CO:: capture (Dong et al., 2023; Harun et al., 2012), compression and liquefaction
(Linnenberg et al., 2012; Zhao et al., 2017)

MEA concentration in lean solvent (wt%) 30
Type of packing in the absorber and stripper IMTP#38MM
COz lean loading (mol CO2/mol MEA) 0.29
Reboiler temperature (°C) 113
Flooding factor of the absorber (%) 70
Flooding factor of the stripper (%) 70
COz capture target (%) 90
Outlet pressure of CO2 compressor (MPa) 1.6
Outlet temperature of CO2 compressor (°C) 40
Temperature for transport (°C) -26
Energy efficiency ratio of the chiller 2.1

In order to calculate LCC and LCCA for the integration of CO, capture,
the assumptions for economic analysis of CO; capture and compression are
summarised in Table 3.9 (refer also to Table 3 in Paper VI).

The equipment sizes of the capture unit are determined according to the
maximum FG flow rate, which is 100 kg/s for the example plant. For a cap-
ture rate of 90%, the diameters/heights of the columns are estimated to be
7.5 m/17.1 m and 5.3 m/7.1 m for the absorber and stripper, respectively
(Otitoju et al., 2020).
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Table 3.9: Economic evaluation assumptions of CO, capture and compression (Li

etal., 2015).
Item Value
Present value 2022 USD
Project life 25 years
Discount rate 8%
MEA price 2.09 $/kg
MEA consumption 1.5 kg/tCO»
Corrosion inhibitor price 6.61 $/t
Corrosion inhibitor consumption 0.055 kg/tCO2
Cooling water price 0.35 $/m’
Cooling water make-up 2.4 m*/tCOz

Electricity price

42.63 $/MWh (Beiron,
Normann, et al., 2022)

3.4.3.2 Overview of CHP plants in Sweden

There are about 110 bio/w-CHP plants in Sweden, as shown in Figure 3.12
(refer also to Figure 5 and Figure 6 in Paper VI). Figure 3.12 also shows an
overview of their installed capacities for heat and electricity (Ahlmén &
Hellsberg, 2020). The ambient temperature and wind speed profiles of all
CHP plants can be obtained from the Swedish Meteorological and Hydro-
logical Institute (SMHI) (2019).

250

440

= 200 4
KI -\'S *
f =
J o >
RIS *5 390
j - o 150 4 700 750
=%
f ° o 8 *
g S, >
| S 100
SRNRS 3 .
Peaz; 5 :
)f iy g%;,; 3 504 . * a = *
VI = i
0 °¢/ o0 E *
%o/ (00 0§ ae
: o © : 0 'Af' |t T T T T T T
o P
ol g 0 50 100 150 200 250 300 350 400

Heating capacity (MW)

Figure 3.12: Distribution and installed capacities of CHP plants in Sweden (Ahl-
mén & Hellsberg, 2020).
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4 Selecting dynamic modelling approaches
for different applications of CO, capture

This chapter addresses RQI, covering first principles-based approaches
(Section 4.1) and ML-based approaches (Section 4.2).

4.1 First principles-based modelling approaches for
CO; capture

This section presents the comparison and selection of first principles-based
dynamic modelling approaches for CO: capture.

4.1.1 Case setup

To evaluate the model performance under representative operating varia-
tions, five cases are defined by considering different key influencing param-
eters, including FG flow rate, FG CO,vo0l% and the available heat for CO;
capture, as summarised in Table 4.1.

For all approaches, the lean MEA solution flow rate and reboiler duty are
two important parameters. Their treatment differs depending on both the
modelling approach and the case conditions.

For Case 1 to Case 3, if the available heat can always meet the reboiler’s
requirement, IST and DwC adjust the lean MEA solution flow rate and re-
boiler duty dynamically to achieve the set target of CO; capture rate (90%),
in response to variations in FG flow rate and CO2vol%. In contrast, using
Dw/oC, the lean MEA solution flow rate and reboiler duty remain constant,
and are determined based on the average FG CO, content and a fixed capture
rate (90%).

For Cases 4 and 5, when the available heat is specified as an input, for
IST, the captured CO; is calculated based on the available heat and specific
heat needed by capturing 1 kg CO,. For DwC, the controller will regulate
the lean MEA solution flow rate to achieve the set target of lean loading
(0.287 mol/mol), according to FG flow rate, CO,vo0l% and the available
heat. For Dw/oC, the lean MEA solution flow rate remains constant, which
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is determined based on the average available heat and fixed lean loading

(0.287 mol/mol).
Table 4.1: An overview of the defined cases.
Availabl
Operating Flue gas (FG) flow CO: concentration vatiable
Case Sub-cases 3 heat
parameters rate (kNm>/h) (vol%) (MW)
340.77—264.73
FG flow Case 1-1(]) (91%—70%) * Sufficient for
Case 1 . 14.4 (average) 90% CO,
rate Case 1-2 (1) 201.68—337.02 capture rate
(53%—90%)
Sinusoidal variation:
Case 2-1 (]) 15.7-9.7 )
FG (100%—61%) Sufficient for
Case 2 COwol%® 301.49 (average) ) . o 90% CO,
hvol”o Sinusoidal variation: capture rate
Case 2-2 (1) 9.7—15.7
(61%—100%)
(CFjse 3—1t ) 375215326.14 ?;n(1)15011d3a16var1at10n:
ow rate .0—13.
(100%—86%) .
FG flow COyvol%?1) (76%—87%) Sufficient for
Case 3 rate® + . . L 90% CO,
COLvol%® Case 3-2 327.94-5351.00 Sinusoidal variation: capture rate
(Flow ratet (87%—94%) 13.4—124
CO,vol%)) (85%—79%)
Sinusoidal
. Case 4-1 () variation:
Available
96—49
Case 4 heat for CO, 301.49 (average) 14.4 (average) Si idal
capture® inusoidal
Case 4-2 (1) variation:
49—96
FG flow ra- Case 5-1 375.21—326.14 12.0—13.6
te® + aseor (100%—86%)  (76%—87%) Sinusoidal
Case5  CO,vol%® + variation:
available Case 5.2 327.94—351.00 13.4—-12.4 90—104—90
heat® (87%—94%) (85%—79%)

a = real data from the CHP plant. b =

4.1.2 Comparison of different modelling approaches

synthetic data. * The value in brackets refers to the
percentage compared to maximum value of real data.

The relative differences in accumulated captured CO, and average specific
reboiler duty among approaches are shown in Figure 4.1 and Figure 4.2,
respectively, which are calculated based on the result of IST for Dw/oC and
DwC. Overall, Dw/oC results in larger differences with the other two ap-
proaches, and the magnitude of differences increases with the magnitude of
input variations.

44

Beibei Dong



For the variation of FG flow rate and CO,vol% (Case 1 and Case 2), DwC
shows an asymmetric pattern: it captures less CO; than IST under increasing
variations but more under decreasing variations. This is attributed to the time
delay inherent in controller response: when FG increases, the controller is
slow to increase the lean solvent flow rate and reboiler duty for maintaining
a constant capture rate, resulting in temporarily lower capture; the opposite
occurs for decreasing variations.

For the variation of available heat (Case 4), the relationship between
DwC and IST reverses compared to FG variation. DwC captures more CO;
than IST under increasing variations but less under decreasing variations.
This is also attributed to the controller’s time delay: when available heat
increases, the controller is slow to decrease the lean solvent flow rate for
maintaining a constant lean loading, resulting in temporarily higher capture;
the opposite occurs for decreasing variations.

Regarding the average specific reboiler duty, DwC consistently achieves
lower values than IST across all cases. For Dw/oC, no consistent trend is
observed, as the fixed operating parameters interact differently with each
type of input variation.

Relative difference from IST in captured CO, amount
12

(%)
o

73

-3
w

AT

-12

-11.9

-12.3 -1

N

.4
-15

Difference from IST in captured CO, amount

Case 1 Case 2 Case 3 Case 4 Case 5
I DwC vs IST in sub-case 1 M Dw/oC vs IST in sub-case 1
DwC vs IST in sub-case 2 Dw/oC vs IST in sub-case 2

Figure 4.1: Relative differences in accumulated captured CO, under different
operating parameters.
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Relative difference from IST in specific reboiler duty
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Figure 4.2: Relative differences in specific reboiler duty under different operating
parameters.

4.1.3 Selection of modelling approaches

The selection of modelling approaches is mainly dependent on the specific
application requirements. Based on the comparison results, guidance is pro-
vided across three stages: system design, plant operation, and operational
optimisation.

During the system design stage, two applications are identified. For the
equipment design of CO; capture, it is essential to check the boundary of
safety operation by performing step response analysis and stability analysis.
Then Dw/oC should be selected. For the control system design of CO; cap-
ture, the controller needs to be tested to see if it can handle the disturbance
and maintain system stability. Then DwC should be selected.

During the plant operation stage, two applications are identified. For de-
termining the amount of captured CO», both DwC and IST may be employed
depending on the given inputs and requirements. For short-term operations,
DwC is recommended as it considers the impact of non-equilibrium and the
deviation can be up to 7.3%. Nevertheless, for long-term operations where
both increasing and decreasing variations are included, the difference be-
tween DwC and IST may become small because the positive and negative
deviations may cancel each other. Considering the more time needed by both
the model development and simulation execution of DwC, IST is preferable,
and a time step of 30 minutes is recommended. Taking one day of real FG
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data from the same w-CHP plant as an example, the difference in daily ac-
cumulated CO; between DwC and IST amounts to only 0.32%, despite clear
hourly differences being observed, as demonstrated in Paper I. For dynamic
operations of the CHP plant, the amount of steam (heat) that needs to be
extracted from the steam turbine cycle should be determined in real time.
For such a case, it is also possible to employ either DwC or IST. Even though
the difference is usually less than 5%, DwC is recommended. This is be-
cause IST estimates heat based on the assumption that the specific reboiler
duty is only dependent on CO,vo0l%, while DwC estimates the heat accord-
ing to the target temperature set to the reboiler. For solvent regeneration, the
temperature must reach a certain level.

During the operational optimisation stage, it is also possible to employ
either DwC or IST. Optimisation is normally conducted based on electricity
price and CO; price, and the model selection depends on the price mecha-
nism adopted. When hourly prices from real electricity and carbon markets
are used, DwC should be selected. This is because the operation of CO, cap-
ture cannot reach equilibrium with hourly changes. However, if alternative
pricing mechanisms are adopted, such as time of use (TOU) or power pur-
chase agreement (PPA), IST could show advantages over DwC since the
prices do not vary hourly, and a larger time step, such as one hour, can be
chosen.

4.2 Machine learning-based models of CO, capture

This section presents the development and performance evaluation of ML-
based surrogate models for CO, capture across four defined application
cases.

4.2.1 Application definition and case setup

Based on the literature review, there are various applications for dynamic
CO; capture models, such as control design and operational optimisation,
which can be categorised into four key cases, as shown in Table 4.2. Ac-
cording to the literature studies discussed in Section 2.1.3, ML models have
been applied to system identification (Case 1) (Abdul Manaf et al., 2016;
Sha et al., 2025) and system performance estimation (Case 4) (Li et al.,
2016; F. Lietal., 2015; Li et al., 2018), but there is a gap in ML applications
for system monitoring and diagnosis (Case 2) and operational optimisation
(Case 3). After defining the application cases of dynamic CO; capture mod-
els, expected outputs (Integrated Environmental Control Model Team,
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2019; Wu et al., 2019) and key input features for ML modelling must be
selected, as summarised in Table 4.2.

Table 4.2: Inputs and outputs of different cases.

Cases

Key inputs

Expected outputs

Case 1
System identification for
control development

Case 2
System monitoring and
diagnosis

Case 3
Operational
tion

optimisa-

Case 4
System performance
estimation

* Flue gas (FG) flow rate
* FG CO2vol%

* Lean flow rate

* Reboiler duty

* FG flow rate

* FG CO2vol%

* Constant CO2 capture
rate targets

* FG flow rate

* FG CO2vol%

* Varied COz capture rate
targets

* FG flow rate
* FG CO2vol%
« Available reboiler duty

* COz capture rate
* Reboiler temperature

* Reboiler duty

* Lean flow rate

* Electricity use

* Cooling water flow rate

* Real-time COz capture rate

* Reboiler duty
* Lean flow rate
* Energy penalty

» COz capture amount
* COz capture rate
* Energy penalty

4.2.2 Data generation

To generate data for ML model training and validation, dynamic simulations
of MEA-CA were conducted using a physical model developed in Aspen
HYSYS Dynamics V12.1. Detailed model development and validation can
be found in a previous study (Dong et al., 2023). Different simulations were
conducted for the four different cases identified in Section 2. For Case 1, the
simulation was conducted for the open-loop process without any controllers.
For Case 2, Case 3 and Case 4, the simulation was conducted for the closed-
loop process with controllers, in which input—output behaviours show both
the system dynamics and how the controller reacts.

The primary inputs included both dynamic and constant parameters.
There were some constant input parameters that were the same for all four
cases. These included FG temperature (47°C), initial pressure (143 kPa), and
the initial conditions of the lean solvent (41°C, 107 kPa, 30 wt.% MEA and
0.287 lean loading).

For dynamic inputs, in Case 1, FG flow rate and CO,vol% data were ob-
tained from a real w-CHP plant, which covered three days in 2019, as shown
in Figure 4.3 (refer also to Figure 1 in Paper III). The FG flow rate and
CO,vo01% varied in ranges of 150-360 tonnes per hour (t/h) and 9.6—-15.8
vol%, respectively. The time resolution was 1 minute. Based on the actual
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FG flow rate and CO,vo0l1%, a reboiler duty range can be obtained by using
a range of possible capture rates (45-90%) and an average energy penalty
(4.5 MJ/kg), based on which the dynamic input signal for reboiler duty (Fig-
ure 4.4; refer also to Figure 2 in Paper III) was generated. The dynamic input
signal for lean solvent flow rate (Figure 4.5; refer also to Figure 3 in Paper
1IT) was generated based on the actual FG flow rate and a physically realistic
L/G ratio range of 1.5-3.5 kg/kg (mass basis) in MEA-CA systems (Zhang
et al., 2017). This range maintains safe and stable hydraulic operation, en-
suring adequate CO, capture efficiency while avoiding flooding risks
(Zhang et al., 2017).
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Figure 4.3: Variation of flue gas in Case 1.
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Figure 4.4: Variation of reboiler duty in Case 1.
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Figure 4.5: Variation of lean solvent flow rate in Case 1.

In Case 2 and Case 3, FG flow rate and CO,vol% were the same as in
Case 1. The constant CO» capture rate targets were 70%, 80% and 90% in
Case 2, and the varied CO; capture rate signal was generated randomly in
the range of 45%—-90% (Figure 4.6; refer also to Figure 4 in Paper III) in
Case 3, since it was assumed that the CO; capture system was not operating
when the CO; capture rate was less than 45%. To achieve those CO; capture
rate targets, the lean solvent flow rate and reboiler duty were manipulated
by adding PID controllers.
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Figure 4.6: Variation of CO; capture rate targets in Case 3.

In Case 4, FG (flow rate and CO,v01%) and reboiler duty were deter-
mined by optimising the operation of the CHP plant integrated with CO»
capture. Based on the two operating strategies in Wang et al. (2023), the
corresponding FG and reboiler duty were shown in Figure 4.7 (refer also to
Figure 5 in Paper III) based on optimisation in 3600 minutes. To alleviate
the fluctuation of CO; absorption efficiency, the lean solvent flow rate was

manipulated by PID controllers to maintain the desired reboiler temperature
and thus the desired CO; lean loading.
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Figure 4.7: Variations of flue gas and reboiler duty in Case 4.

4.2.3 Performance of machine learning models

4.2.3.1 Case 1: system identification for control development

Table 4.3 (refer also to Table 2 in Paper III) presents the performance met-
rics of the three ML models for Case 1. Overall, all models achieve accepta-
ble performance. In comparison, Informer shows the best performance,
BPNN is superior to LSTM when it comes to CO, capture rate, and LSTM
is superior to BPNN for the reboiler temperature.

Table 4.3: Prediction accuracy for Case 1.

COz capture rate Reboiler temperature
ML models
MAPE (%) MAE  MAE (°C)
Informer 3.68 0.025 0.06
LSTM 7.42 0.053 0.09
BPNN 5.53 0.038 1.05
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4.2.3.2 Case 2: system monitoring and diagnosis

Table 4.4 (refer also to Table 3 in Paper III) presents the performance met-
rics of the three ML models for Case 2. Overall, all models achieve satisfac-
tory performance, with MAPE values below 5%. In comparison, Informer
consistently shows the best performance across all five outputs. The com-
parison between LSTM and BPNN varies with the outputs. LSTM can show
slightly better performance (such as power use), or worse performance (such
as lean solvent) than BPNN. In addition, the prediction errors of
LSTM/BPNN are more than twice as high as Informer’s for most of the pre-
dicted outputs.

Table 4.4: Prediction accuracy for Case 2.

ML models Reboiler duty Lean solvent

MAPE (%)  MAE (MW) MAPE (%)  MAE (t/h)
Informer 0.89 0.43 1.33 12.6
LSTM 2.98 1.60 3.84 36.6
BPNN 2.82 1.54 2.89 28.2

Power use Cooling water COz capture rate
MLmodels — \1App  MAE MAPE ~ MAE MAPE ..o

() (kW) (%) (th) (%)
Informer 1.08 0.26 1.09 34 2.97 0.024
LSTM 2.39 0.58 1.67 53 4.63 0.038
BPNN 2.50 0.67 2.97 101 3.03 0.024

4.2.3.3 Case 3: operational optimisation

Table 4.5 (refer also to Table 4 in Paper III) presents the performance met-
rics of the three ML models for Case 3. Overall, all models achieve accepta-
ble performance, with most MAPE values below 5%, except when model-
ling the regulation of lean solvent flow rate using LSTM. In comparison, as
with Case 2, Informer consistently shows the best performance across all
three outputs, particularly excelling in predicting reboiler duty and energy
penalty. BPNN shows overall better performance than LSTM.

Table 4.5: Prediction accuracy for Case 3.

Reboiler duty Lean solvent Energy penalty
MLmodels  n\App  MAE  MAPE  MAE  MAPE  MAE

(%) MW) (%) (t/h) (%) MJ/kg)
Informer 0.90 0.40 3.53 24.9 0.64 0.03
LSTM 3.82 1.54 5.78 41.7 4.64 0.21
BPNN 3.84 1.57 3.57 25.6 2.22 0.10
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4.2.3.4 Case 4: system performance estimation

Table 4.6 (refer also to Table 5 in Paper III) presents the performance met-
rics of the three ML models for Case 4. Overall, all models demonstrate
satisfactory performance, with MAPE values below 5% for all outputs. Un-
like the previous cases, no single model performs best across all outputs.
Instead, the performance varies depending on the target outputs. Informer
yields the most accurate predictions for CO; capture rate, LSTM slightly
outperforms the others for the energy penalty, and BPNN shows the lowest
error for CO; capture amount.

Table 4.6: Prediction accuracy for Case 4.

COz capture amount  Energy penalty COz capture rate
MLmodels  MAPE  MAE  MAPE  MAE  MAPE .o
(%) (t/h) (%) MJkg) (%)
Informer 3.26 1.15 1.52 0.08 0.52 0.005
LSTM 427 1.37 1.02 0.05 1.75 0.017
BPNN 2.57 0.72 3.79 0.19 2.42 0.023
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5 Performance evaluation of model
predictive control

This chapter addresses RQZ2, organised into system identification (Section
5.1) and MPC performance evaluation across three control scenarios (Sec-
tion 5.2).

5.1 System identification results

Following the methodology in Section 2.1.3, a coupled MIMO ARX model
was identified with polynomial orders n, = 4 and n;, = 4. Figure 5.1 shows
the comparison between the model’s predictions and the Aspen Plus Dy-
namics model on the validation dataset, which was given in terms of devia-
tions of CVs from the initial values at the design point (84% capture rate
and 116°C reboiler temperature). The identified model demonstrates excel-
lent agreement with the Aspen Plus Dynamics model, achieving validation
fit percentages of 91.19% for CO, capture rate and 95.73% for reboiler tem-
perature. The strong validation performance demonstrates that the linear
ARX structure adequately captures the dominant dynamics of the CO; cap-
ture process, providing a reliable foundation for the MPC design and per-
formance evaluation described in the following sections.

5.2 MPC performance evaluation and comparison
with PI control

5.2.1 Case 1: Setpoint tracking with varying capture rates

Case 1 evaluates setpoint tracking performance when the CO, capture rate
setpoint changes from its initial value of 84% to 62% at t=1500 s (step de-
crease), and then to 97% at t=9000 s (step increase), while the reboiler tem-
perature setpoint remains constant at 116°C throughout the operation. The
FG flow rate is held constant at 82.9 kg/s and CO; concentration is held
constant at 11.9 vol%.
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Figure 5.1: Comparison between Aspen Plus Dynamics and identified models:
CO; capture rate (deviates from 84%) and reboiler temperature (deviates from
116°C).

The simulation results in Figure 5.2 show that MPC reaches the CO; cap-
ture rate setpoint more quickly with a smaller overshoot than PI. To de-
crease/increase the CO; capture rate, the MVs (lean solvent flow rate and
reboiler heat duty) are also decreased/increased, which is in line with the
actual process. A notable pattern emerges: MPC consistently initiates con-
trol actions earlier than PI. In addition, PI control produces more aggressive
and oscillatory adjustments, which could increase mechanical wear. Even
though both controllers adjust the MVs in similar directions, MPC and PI
produce drastically different reboiler temperature outcomes. This is because
the timing, magnitude, and coordination of the adjustments are critical in
this coupled multivariable system, where lean solvent flow rate and reboiler
duty affect temperature through opposite mechanisms. Furthermore, com-
pared to MPC, PI control shows more noticeable temperature swings that
take longer to settle. The difference between MPC and PI is more pro-
nounced in controlling reboiler temperature than in controlling CO» capture
rate.

These qualitative observations are quantified in the performance metrics.
Table 5.1 presents the quantitative controller performance metrics for Case
1. It shows that, compared to PI, MPC consistently achieves superior control
performance with higher robustness for both CVs. Taking the step increase
period as an example, for CO, capture rate, the most significant improve-
ment appears in [AE, with MPC achieving a 67% reduction. Consistent with
Figure 5.2, the MPC achieves a 47% faster response with a rise time of 720
s, a 62% faster settling with a ST of 2358 s, and a 19% less overshoot,
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compared with the PI. For the constant reboiler temperature setpoint, MPC
produces around 55% lower maximum deviation (1.7°C) than PI (3.7°C).
MPC returns to the setpoint faster than PI, with a 64% shorter recovery time.
In addition, MPC achieves 82% IAE reduction. These improvements stem
from MPC’s predictive optimisation framework, which anticipates system
behaviour over a several-step horizon and proactively coordinates both lean
solvent flow rate and reboiler duty. In contrast, PI control employs inde-
pendent SISO loops that react only to current tracking errors, leading to de-
layed corrections and poor coordination between the two MVs.
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Figure 5.2: Comparison of MPC and PI controllers in Case 1.

Table 5.1: Comparison of controller performance metrics in Case 1.

Step tcr?);l_- Capture rate Reboiler temperature

change RT (s) (002) ST(s)  IAE MD (°C) :;T 4 JAE
Step MPC 719.65  6.7485 2358 9820.3  1.0459 2538 745.78
decrease  py 1368.9 69844 6084 28864 2.3163 7254 4124.4
Step MPC 719.62  6.7516 2358 15618 1.6638 2538 1186.3
increase PI 1360.5 83503 6228 46697 3.6855 6984 6700

Table 5.2 presents the process performance metrics for Case 1 with tran-

sient time windows of [1500s 5500s] and [9000s 14000s]. The difference
between two controllers varies with the setpoint direction. During step
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decrease of CO; capture rate setpoint [1500s 5500s], using PI captures 5.7%
more CO» and uses 4.2% more energy, resulting in a 1.5% lower average
specific duty. This occurs because the slower response of PI maintains
higher CO, capture rates and reboiler heat duty longer before stabilising.
During step increase of CO, capture rate setpoint [9000s 14000s], using
MPC captures 5.2% more CO; and uses 3.8% more energy, resulting in a
1.3% lower average specific duty, due to MPC reaching the higher setpoint
sooner. However, in flexible operations, the decrease in CO, capture rate
typically occurs during high electricity price periods. Under such conditions,
even though using PI captures more CO», it is not cost-effective due to
higher energy use.

Table 5.2: Comparison of process performance metrics in Case 1.

Time window  Controllers Total CO: capture Average specific Total thermal

amount (tonne) duty (MJ/kg) energy (GJ)
Step decrease ~ MPC 25.23 6.741 170.10
[1500,5500]  pg 26.74 6.639 177.55
Step increase MPC 46.53 6.686 311.12
[9000, 14000]  pp 44.24 6.774 299.68

5.2.2 Case 2: FG flow rate disturbance rejection

Case 2 evaluates disturbance rejection performance when the capture rate
setpoint is held constant at 84% while the FG flow rate varies. As shown in
Figure 5.3, the flow rate gradually decreases from 82.9 kg/s to 56.6 kg/s (at
t=1500 s) at a rate of 0.0175 kg/s per second and then increases to 95.6 kg/s
(at t=9000 s) at a rate of 0.026 kg/s per second, simulating typical CHP load
variations. The CO; concentration is held constant at 11.9 vol%.
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Figure 5.3: Flue gas disturbance in Case 2.
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Figure 5.4 illustrates the system responses to FG flow rate disturbances.
Both controllers maintain the CO, capture rate near the 84% setpoint and
the reboiler temperature near the 116°C setpoint after initial transients. In
response to the decrease/increase of FG flow rate, CO, capture rate first in-
creases/decreases, deviating from the setpoint, and then decreases/increases
back to its setpoint. Using MPC exhibits significantly smaller deviations and
faster recovery than using PI. The difference is particularly evident in the
reboiler temperature responses: using MPC maintains the temperature very
close to the setpoint, while using PI shows noticeable temperature swings.
To maintain constant setpoints, the MVs are decreased/increased in response
to the decrease/increase of FG flow rate. Compared to MPC, PI control pro-
duces more aggressive adjustments with larger transient variations. In addi-
tion, PI initiates adjustment of reboiler duty later than MPC.
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Figure 5.4: Comparison of MPC and PI controllers in Case 2.

Table 5.3 presents the quantitative controller performance metrics for
Case 2. MPC demonstrates substantially superior disturbance rejection per-
formance for both CVs. Taking the ramp decrease period as an example,
MPC achieves approximately 66% lower maximum deviation, 48% faster
recovery, and 70% lower IAE for CO, capture rate. For reboiler temperature,
the improvements are even more pronounced: 83% lower maximum devia-
tion, 51% faster recovery, and 87% lower TAE. MPC’s superior performance
stems from its measured disturbance feed-forward capability. By detecting
FG flow rate changes in advance, MPC proactively adjusts both lean solvent

Milardalen University Press Dissertations 59



flow rate and reboiler duty before the disturbances significantly affect the
CVs. In contrast, PI control can only react after deviations occur, resulting
in larger errors and longer recovery times.

Table 5.3: Comparison of controller performance metrics in Case 2.

Capture rate Reboiler temperature
Ramp Controllers
change MD (%) RTd IAE MD (°C) RTd IAE
(s) )

MPC 6.2076 3708 9222.3  0.50819 3654 738.19
Ramp
decrease

PI 18.04 7182 31041 3.0225 7470 5766

MPC 9.2201 3726 13691 0.75493 3672 1096.2
Ramp
increase

PI 26.897 6984 48545 4.4931 6984 9077.9

Table 5.4 presents the quantitative process performance metrics for Case
2 with transient time windows of [1500s 5500s] and [9000s 14000s]. The
difference between the two controllers varies with the disturbance direction.
During ramp decrease of FG flow rate [1500s 5500s], using PI captures 4.4%
more CO, and uses 4.3% more energy, resulting in a slightly lower average
specific duty. This occurs because using PI exhibits a larger upward devia-
tion from the setpoint, maintaining higher instantaneous capture rates during
transition, which results in more cumulative CO; captured and higher energy
use. During ramp increase of FG flow rate [9000s 14000s], using MPC cap-
tures 4.6% more CO; and uses 2.8% more energy, resulting in a 1.8% lower
average specific duty. This occurs because using PI exhibits a larger down-
ward deviation from the setpoint, with lower instantaneous capture rates
during transition, resulting in less cumulative CO» captured and lower en-
ergy use.

Table 5.4: Comparison of process performance metrics in Case 2.

Total CO: capture Average specific Total thermal

Time window Controllers amount (tonne) duty (MJ/kg) energy (GJ)
MPC 25.23 6.407 161.66
Ramp decrease
[1500, 5500]
PI 26.40 6.397 168.87
. MPC 43.60 6.818 297.31
Ramp increase
[000, 14000] PI 41.67 6.944 289.36
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5.2.3 Case 3: Disturbance rejection of FG flow rate and CO>
concentration

Case 3 evaluates disturbance rejection performance under simultaneous dis-
turbances of both FG flow rate and CO, concentration. As shown in Figure
5.5, the flow rate ramp decreases from 82.9 kg/s to 67.9 kg/s at t=1500 s at
a rate of 0.01 kg/s per second and then the ramp increases to 88.9 kg/s at
t=9000 s at a rate of 0.014 kg/s per second. CO, concentration step decreases
from 12 vol% to 10 vol% at t=1500 s, and step increases to 15 vol% at
t=9000 s. Throughout the operation, the capture rate setpoint is held constant
at 84%. Such coupled disturbances commonly occur in bio-CHP plants due
to boiler load changes combined with biomass fuel variability.
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Figure 5.5: Flue gas disturbance in Case 3.

Figure 5.6 illustrates the system responses under simultaneous disturb-
ances. Consistent with the patterns observed in Case 2, using MPC exhibits
smaller deviations and faster recovery for both CVs. For the MVs, using
MPC produces earlier and less aggressive adjustments than PI. Compared to
Case 2, larger variation ranges are observed in the CVs due to the simulta-
neous disturbances. The capture rate varies between approximately 50% and
100%, and the reboiler temperature between 111°C and 119°C. This results
in wider adjustment ranges of the MV's to compensate for the combined ef-
fects.

Table 5.5 presents the quantitative controller performance metrics for
Case 3. As in Case 2, MPC demonstrates superior disturbance rejection per-
formance than PI. In summary, MPC achieves approximately 9-19% lower
maximum deviation, 55-56% faster recovery, and 72—74% lower IAE for
CO; capture rate. For reboiler temperature, the improvements are even more
pronounced: 64-69% lower maximum deviation, 59-63% faster recovery
time, and 87-88% lower IAE. These results demonstrate that MPC’s

Milardalen University Press Dissertations 61



coordinated control strategy remains effective even under more complex
simultaneous disturbances.
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Figure 5.6: Comparison of MPC and PI controllers in Case 3.

Table 5.5: Comparison of controller performance metrics in Case 3.

Capture rate

Reboiler temperature

Change Controllers RTd RTd
MD (% TAE MD (°C TIAE
(%) ) ({9 ©)

MPC 12.885 3276 8544.6 0.78613 2556 691.73
Decrease

PI 15.879 7380 33030 2.5389 6300 5790.9

MPC 31.871 2070 15687 1.8154 2196 1274.6
Increase

PI 34.866 4590 56055 5.0999 5940 9690

Table 5.6 presents the quantitative process performance metrics for Case
3 with transient time windows of [1500s 5500s] and [9000s 14000s]. The
same patterns were observed as in Case 2. PI captures 4.9% more CO, and
uses 4.7% more energy, with slightly lower average specific duty during the
disturbance decrease period; MPC captures 8.7% more CO» and uses 5.2%
more energy, with a 3.2% lower average specific duty during the disturbance
increase period. This is because the slower recovery of PI results in extended
periods away from the setpoint, where PI maintains higher and lower capture
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rates for an extended period during the decrease and increase period, respec-
tively. The differences in Case 3 are somewhat larger than those in Case 2,
reflecting the increased complexity of simultaneous disturbances.

Table 5.6: Comparison of process performance metrics in Case 3.

Time window Controllers Total CO: capture Average specific Total thermal

amount (tonne) duty (MJ/kg) energy (GJ)
D MPC 24.09 6.484 156.21
ecrease

[1500, 5500]

PI 25.32 6.474 163.93

MPC 51.92 6.569 341.08
Increase
(9000, 14000] PI 47.76 6.789 324.26

5.2.4 Summary of MPC controller performance improvements

Table 5.7 summarises the MPC improvements over PI control across all
three cases. Overall, MPC consistently outperforms PI control across all
cases and metrics.

For setpoint tracking of CO; capture rates, MPC achieves an approxi-
mately 3—19% reduction in overshoot, a 61-62% reduction in settling time,
and a 66—67% reduction in IAE for CO, capture rate. For reboiler tempera-
ture, MPC achieves an approximately 55% reduction in maximum deviation,
a 64—65% reduction in recovery time, and an 82—-83% reduction in IAE.

For FG disturbance rejection, MPC achieves an approximately 9-66%
reduction in maximum deviation, a 47-56% reduction in recovery time, and
a 70-74% reduction in [AE for CO, capture rate. For reboiler temperature,
MPC achieves an approximately 64—83% reduction in maximum deviation,
a 47-63% reduction in recovery time, and an 87-88% reduction in [AE.
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Table 5.7: Summary of MPC controller performance improvement over PI.

CO: capture rate

Reboiler temperature

Controller . .
Case performance (MPC vs PI reduction, (MPC vs PI reduction,
%) %)
RT 47% —
(O] 3-19% —
Case 1
(Setpoint ST 61-62% —
tracking of
CO, capture IAE 66—67% 82-83%
rates)
MD — 55%
RTd — 64-65%
MD 66% 83%
Case 2 RTd 47-48% 47-51%
IAE 70-72% 87-88%
MD 9-19% 64-69%
Case 3 RTd 56% 59-63%
IAE 72-74% 87-88%
Cascs 2-3 MD 9-66% 64-83%
(Disturbance RTd 47-56% 47-63%
rejection of
flue gas) IAE 70-74% 87-88%
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6 Potential assessment of CO, capture in
Swedish CHP plants

This chapter addresses RQ3, covering plant-level results (Section 6.1) and
national-scale assessment (Section 6.2).

6.1 Plant-level potential of CO; capture in the
reference CHP plant

6.1.1 COz capture potential

According to Table 6.1 (refer also to Table 4 in Paper VI), the lower bound-
ary of captured CO,, which is achieved when operating CO, capture in
OM2, is only 99.2 kt/yr, corresponding to a capture rate of 20.3%. It cannot
cover the generated fossil CO,, which is 220.3 kt/yr, and therefore results in
a positive emission of 121.1 kt/yr. In order to capture more CO,, electricity
has to be sacrificed. Operating CO, capture in OM1 can lead to reaching the
upper boundary of captured CO,, which is 401.0 kt/yr. Evidently, this is
more than the generated fossil CO; and can thus result in a negative emission
of 180.5 kt/yr. It is worth noting that the avoided CO» emission is always
less than the captured CO,. This is because more fuel is consumed in order
to capture more CO,, and this can lead to additional CO, emissions, which
nonetheless should not be emitted when CO, capture is not included. In ad-
dition, comparing the two modes, operating CO, capture in OM1 can cap-
ture 301.8 kt/yr more CO», but reduce the electricity generation by 61.3%.

Table 6.1: CO; capture potential and the influence on example CHP.

Parameters Reference case OMI1 OoM2
Fuel consumption () (kt/yr) 394.5 420.0 419.9
Net electricity generation (£/) (GWh/yr) 281.6 109.0 282.0
Generated CO2 (Gcoz) (kt/yr) 460.0 490.0 489.6
Captured CO2 (Cco2) (kt/yr) / 401.0 99.2
Capture rate (Rco2) (%) / 81.8 20.3
Net COz emission (NetE) (kt/yr) / -180.5 121.1
Avoided COz emission (4coz) (kt/yr) / 387.5 85.8

# It refers to the CHP plant without CO2 capture and compression.
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6.1.2 CO; capture cost

The associated cost is given in Table 6.2 (refer also to Table 5 in Paper VI).
It is the same CO; capture unit, although it operates in different modes.
Therefore, it is the same CAPEX, with the detailed equipment costs in Ap-
pendix C (Table C.1) in Paper I. The fixed OPEX is also the same when
operating CO; capture in different modes. The major difference comes from
the variable OPEX, which is 95.6% higher in OM1 than in OM2. One reason
for the big difference is the sacrifice of electricity. When CO; capture is
operated in OM 1, the electricity generation is reduced, which leads to a huge
loss in the benefit from selling electricity. Such a loss is considered as OPEX
of CO; capture. In addition, the cost of chemical consumption is also higher
in OM1 than in OM2 since more CO; is captured in OM1 than in OM2. The
estimated OPEX in OM1 is 8.7 M$/yr higher than in OM2, which further
results in a 152% higher LCC. However, due to more captured CO,, the
LCCA in OM1 is 44% lower than in OM2.

Table 6.2: Costs related to CO; capture in the example CHP plant.

Cost (M$) OoM1 OM2
Total direct cost (TDC) 17.0 17.0
Total indirect cost (TOC) 34 34
Bare erected cost (BEC) 20.4 20.4
Engineering and contractor (EC) 5.51 5.51
Engineering procurement and construction

(EI§C) Ep 25.91 25.91
Process contingency (PC) 5.1 5.1
Project contingency (PJC) 6.2 6.2
Total plant cost (TPC) 37.2 37.2
Owner’s cost (OC) 5.6 5.6
CAPEX 42.8 42.8
Fixed OPEX (M$/yr) 1.3 1.3
Variable OPEX (M$/yr) 9.1 0.4
Total OPEX (M$/yr) 10.4 1.7
Life-cycle cost (LCC) 153.7 60.9
ée/lfcel(l)sze)d cost of CO2 avoided (LCCA) 372 66.5

The breakdown of LCCA, including CAPEX and OPEX, is shown in Fig-
ure 6.1 (refer also to Figure 7 in Paper VI). It is clear that OPEX accounts
for a significant portion of OM1 LCCA (around 72%), as a large amount of
electricity needs to be sacrificed. CAPEX accounts for a substantial portion
of OM2 LCCA (around 70%), as a small amount of CO; is captured.
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Figure 6.1: Breakdown of LCCA of example plant.

6.2 Nationwide potential of CO; capture in all
Swedish CHP plants

The potential of CO; capture and the associated capture cost are analysed
for all CHP plants in Sweden. Through aggregation of these results, the na-
tionwide CO; capture potential and costs are assessed.

6.2.1 Model validation

The MEA-CA CO; capture model has been already validated during the de-
velopment of first principles-based models, Dw/oC and DwC, in Section
3.2.1.1. More details can also be found in Appendix B.

To validate the w-CHP plant model, simulated results are compared with
measured data under different heat demands, and the key parameters, in-
cluding electricity generation and heat recovered from extracted steam, by-
pass steam, and FG, are selected for model validation. In general, good
agreements can be observed. The MAPEs are 3.1%, 2.9%, 4.0%, and 6.2%
for those selected parameters. Detailed validation results can be found in
Appendix C.

The validations of the ML models show that the MAPEs are 1.3%, 8.7%,
and 0.9% for the prediction of the amount of generated CO,, the net elec-
tricity generation, and the amount of captured CO,, respectively, for OM1,
and 0.8% and 0.9% for the prediction of the amount of generated CO, and
the amount of captured CO», respectively, for OM2. For the prediction of
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hourly heat demands, the MAPE is 5.1%. The detailed validation results can
be found in Appendix D.

6.2.2 COxz capture potential

The nationwide potential of CO» capture is summarised in Table 6.3 (refer
also to Table 6 in Paper VI). According to the Official Report of the Gov-
ernment of Sweden, to achieve the Swedish climate goal, at least 10.7
MtCO,/yr of negative emission is needed by 2045, in which the contribution
of BECCS is expected to be 3—10 MtCO,/yr (Statens offentliga utredningar,
2020). If CO; capture is integrated in all CHP plants and operated in OM1,
a negative emission of 8.7 MtCO»/yr could be achieved, which can go far
towards addressing the proposed target of BECCS. However, when CO;
capture is operated in OM2, it results in a positive emission of 4.3 Mt/yr.
This suggests that other supplementary technologies would be needed to
meet the Swedish climate goal. Nevertheless, it can still reduce emissions
by 6.3 Mt/yr.

Table 6.3: Nationwide potential of CO, capture in all CHP plants in Sweden.

Aggregated results OM1 OoM2
Net CO2 emission (NetE) (Mt/yr) -8.7 4.3
Avoided CO2 emission (4coz) (Mt/yr) 19.4 6.3
Captured CO2 (Ccoz2) (Mt/yr) 20.4 6.9
Net electricity generation (£/) (TWh/yr) 83 16.1
Capture rate (Rcoz) (%) 79.1 27.5

It has been assumed that fuel with the same biogenic fraction is used in
all CHP plants. It is clear that the biogenic fraction can significantly influ-
ence net CO, emissions and further impact policymaking. To understand
such an influence, a sensitivity analysis is conducted, and the result is illus-
trated in Figure 6.2 (refer also to Figure 8 in Paper VI). It is natural that with
the decrease of biogenic fraction, negative emission could change to positive
emission. To reach the BECCS target of 3 MtCO,/yr, the minimum biogenic
fraction should be 32.8% and 84.3% when CHP plants are operated in OM1
and OM2, respectively, while to reach the BECCS target of 10 MtCO»/yr,
the minimum biogenic fraction should be 59.9% when CHP plants are op-
erated in OM1. However, even when the biogenic fraction is 100%, operat-
ing CO; capture in OM2 can only achieve a negative emission of 7
MtCOo/yr.
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Figure 6.2: The influence of biogenic fraction of the waste on net CO emission.

However, it is important to note that operating CO, capture in OM1 can
significantly reduce electricity, which is 7.8 TWh/yr, compared to the refer-
ence case without CO; capture (16.1 TWh/yr). To compensate for the de-
creased electricity, more electricity needs to be generated from other
sources. Based on the average carbon intensity of Sweden in 2022, which is
45 gCO2e/kWh, it is estimated that such extra electricity generation can lead
to a positive emission of 0.35 Mt/yr (Our World in Data, 2023). This is neg-
ligible compared to the negative emission in OM1, which is 8.7 Mt/yr.

6.2.3 CO; capture cost

The associated cost for integrating CO, capture in CHP plants is given in
Table 6.4 (refer also to Table 7 in Paper VI). Overall, it is estimated that the
national average LCCA is about 36.9 $/tCO, and 52.0 $/tCO, when CO»
capture is operated in OM1 and OM2, respectively. Compared to other
NETs, integrating CO, capture in CHP plants may not compete with the en-
hanced weathering (5—10 $/tCO,), but is clearly more cost-effective than the
direct air capture (100-600 $/tCO,) (Haszeldine et al., 2018). Moreover,
compared to OM2, operating CO, capture in OM1 is more competitive. The
cost also provides insights to policymakers. For example, based on the av-
erage price of the European Union Emissions Trading System (EU ETS) in
2023, which is 92.50 $/tCO,, it implies that if the negative emission from
BECCS can be traded in EU ETS, subsidies may not be necessary (Statista,
2024).
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Table 6.4: Costs related to CO; capture in all CHP plants in Sweden.

Aggregated results OM1 OoM2
ée/;fgl(l)s;d cost of COz avoided (LCCA) 369 520
Total life cycle cost (LCC) (MS$) 7657.8 3502.1
Total CAPEX (M$) 2407.5 2407.5
Total OPEX (M$/yr) 491.8 102.5
Fixed OPEX 722 72.2
Electricity cost 330.8 0
Chemical cost 88.8 30.3

Unlike LCCA, the total LCC in OMI1 is double the LCC in OM2, which
mainly results from the OPEX due to the reduction of electricity generation.
The influence of the capacity of CHP plants on the LCCA and LCC is also
studied, as shown in Figure 6.3 (refer also to Figure 9 in Paper VI). Due to
economies of scale, it is clear that the larger capacity results in higher LCC
but lower LCCA.
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Figure 6.3: LCCA and LCC from each CHP plant.

The breakdown of the national average LCCA is shown in Figure 6.4
(refer also to Figure 10 in Paper VI). It is similar to the example plant in that
OPEX accounts for a significant portion in OM1 and CAPEX accounts for
a significant portion in OM2.
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7 Delimitations

This chapter identifies the key scope boundaries and assumptions across
modelling, control, and assessment.

This dissertation is delimited to three main components — dynamic model-
ling, model predictive control, and potential assessment — each with specific
scope boundaries that should be acknowledged when interpreting the results.

Regarding dynamic modelling, this study is delimited to validating mod-
els against simulation data and available experimental benchmarks, rather
than real operational data from full-scale CO; capture plants. It is beyond
the scope of this study to validate the models under real plant conditions, as
pilot-scale and full-scale operational data from BECCS installations remain
scarce — a common limitation in the field of dynamic modelling for CO,
capture in CHP plants.

Building upon the modelling foundation, the scope of the MPC evalua-
tion is delimited to a simulation environment. While simulation provides a
controlled setting for systematic performance evaluation, it is beyond the
scope of this study to account for noise measurement, actuator limitations,
process disturbances, and operational constraints encountered in real plants.
Furthermore, the MPC is delimited to a linear ARX model identified near
the 85% nominal operating point. Nonlinear operating regions and gain-
scheduled formulations are also outside the scope of this study, and predic-
tion accuracy may therefore degrade at operating points far from the linear-
isation point.

Extending to the potential assessment, the scope is delimited to the cap-
ture stage of the BECCS value chain. The costs and emissions associated
with CO; transport and storage are outside the scope of this study, meaning
that the reported costs represent capture-only estimates, excluding CO;
transport and storage. At the plant level, this work is further delimited to the
assumption that no supplementary units are included in the DH system, and
the capture system capacity is determined based on maximum available heat
and FG flow rate without further optimisation. The absorber and stripper
column sizes, obtained through a simplified scaling method, were not inde-
pendently verified. At the national scale, the assessment is delimited to as-
suming uniform technical performance across all Swedish CHP plants based
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on the example plant. This does not account for the diversity of plant con-
figurations, technologies, fuels, and operating conditions across Sweden,
particularly given the significant influence of biogenic fraction on net CO2
emissions demonstrated in this study.
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& Conclusions

This chapter summarises the main conclusions with respect to RQI-RQ3.

Integrating BECCS into biomass-fired CHP plants offers crucial potential
for achieving negative emissions. However, the dynamic operation of CO,
capture introduces significant challenges related to modelling, control, and
system-level assessment. This dissertation addresses these challenges
through dynamic modelling, model predictive control, and potential assess-
ment. The three research questions and the main conclusions are presented
below.

RQ1 How should the dynamic modelling approaches be selected for differ-
ent applications of CO; capture in biomass-fired CHP plants?

Understanding dynamic behaviour is essential for various applications of
CO; capture, and the choice of modelling approach should be guided by
specific application requirements. Through systematic comparison of first
principles-based approaches, clear differences were identified in both dy-
namic and accumulated results, with differences in captured CO, of up to
22% (based on direct comparison between DwC and Dw/oC). The key con-
clusion is that Dw/oC is recommended for understanding system dynamics
and safety boundary analysis, DwC is recommended for control system de-
sign and hourly dynamic optimisation, and IST is recommended for estimat-
ing long-term CO; capture potential. Regarding ML-based approaches, all
models achieve satisfactory accuracy, with most MAPEs below 5%, con-
firming their feasibility as computationally efficient alternatives to first prin-
ciples models. However, no single ML model consistently outperforms the
others across all applications, confirming that model selection must be tai-
lored to the specific application and target output variables. Where multiple
approaches are applicable, the selection should be guided by the trade-off
between model fidelity and computational cost, with simpler models being
appropriate when accuracy differences are marginal.
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RQ2 How does model predictive control perform for CO; capture under the
dynamic operating conditions of biomass-fired CHP plants?

With reliable dynamic models established, MPC was developed and eval-
uated for managing the operational fluctuations characteristic of biomass-
fired CHP plants. MPC consistently demonstrated superior controller per-
formance over conventional PI control, achieving a 3—-66% reduction in
overshoot and maximum deviation, a 47-62% reduction in settling and re-
covery time, and a 66—74% reduction in integrated absolute errors for CO,
capture rate. Beyond controller performance metrics, MPC also delivers
long-term operational benefits, including extended equipment lifetime and
reduced solvent degradation through smoother control actions. Regarding
process performance, differences in cumulative CO, capture amount be-
tween MPC and PI range from 4.4% to 8.7%, and controller selection should
therefore consider not only capture amount but also energy efficiency and
the economic context. These results demonstrate that MPC provides a robust
control solution for coordinating the dynamic operation of CO: capture un-
der realistic CHP conditions.

RQ3 What are the potentials for negative emissions and associated costs
when implementing BECCS in biomass-fired CHP plants, from plant
level to national scale?

With robust models and control strategies established, the negative emis-
sion potential was assessed from plant level to national scale under two op-
erating modes reflecting Sweden’s prioritised heat supply. At the plant level,
the theoretical CO, capture potential was found to be in the range of 99401
kt/yr, corresponding to an overall capture ratio of 20—82%. The negative
emission achieved under OM1 was 181 kt/yr, while no negative emission
was achieved under OM2 due to the fossil fraction in the feedstock. Scaling
to the national level, operating under OM1 with an average biogenic fraction
of 55% can achieve 8.7 MtCO,/yr negative emissions, adequately covering
Sweden’s expected BECCS target. The levelised cost of CO: avoided was
estimated at 36.9 $/tCO, and 52.0 $/tCO, for OM1 and OM2, respectively.
The biogenic fraction of fuel was found to have a critical influence on neg-
ative emission potential, with minimum fractions of 32.8% and 84.3% re-
quired under OM1 and OM2, respectively, to achieve Sweden’s 3 MtCO,/yr
interim target. These findings demonstrate that Sweden’s BECCS climate
targets are technically and economically achievable, and that the choice of
operating mode fundamentally determines the boundary of negative emis-
sion potential, providing policymakers with quantified scenarios for strate-
gic decision-making.
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9 Future work

This chapter outlines future research directions identified from the findings
and limitations of this dissertation.

The work presented in this dissertation addresses dynamic modelling, model
predictive control, and potential assessment for CO: capture in biomass-
fired CHP plants. While the results provide valuable insights, several limi-
tations and open questions point to promising directions for future research.
Regarding dynamic modelling, the first principles models developed in this
work are based on a specific MEA-CA process. Future work could extend
these models to other capture technologies, such as hot potassium carbonate,
which is being adopted in large-scale BECCS projects such as Stockholm
Exergi’s Virtan plant. Furthermore, the ML models were trained based on
simulation data. Validating and retraining these models with operational
data from real CHP plants would enhance their reliability and practical ap-
plicability. The integration of physics-informed ML approaches, which
combine the interpretability of first principles models with the computa-
tional efficiency of data-driven methods, also represents a promising re-
search direction.

On the control side, the MPC strategy developed in Paper IV focuses on
the CO» capture unit in isolation. In practice, the capture process is tightly
coupled with the CHP plant through steam extraction, heat supply obliga-
tions, and electricity generation. Future work should therefore extend the
MPC or economic MPC (EMPC) framework from the CO, capture unit
alone to the integrated CHP capture system, jointly optimising heat and
power generation, steam extraction, and capture rate. Such an integrated
control approach would better reflect the real operational constraints and
enable more effective coordination between the CHP plant and the CO, cap-
ture process under dynamic conditions.

The potential assessment in Papers V and VI was conducted based on
technical and economic analysis under current market conditions. However,
the economic viability of BECCS is strongly influenced by evolving policy
instruments. Future research should integrate carbon credit trading mecha-
nisms into operational optimisation, considering the monetisation of
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negative emissions through carbon markets and dynamic carbon pricing.
This would allow operators to maximise both the environmental and eco-
nomic benefits of BECCS by adapting capture strategies to real-time market
signals, thereby providing a more comprehensive decision-support frame-
work for BECCS investment and operation.

Finally, this dissertation focuses on the Swedish context, where biomass-
fired CHP plants play a significant role in DH networks. Extending the as-
sessment framework to other Nordic and European countries with similar
CHP infrastructure would provide broader insights into the scalability and
transferability of the proposed approaches for BECCS deployment.
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Appendix

A: Validation of the steady-state model in IST

The validation of the steady-state model is based on the Tarong pilot plant
in Queensland, Australia, in which a PCC plant was constructed with a de-
signed CO; capture rate of 85% (around 100 kg/h) using an MEA solution
based on the coal-fired power station (900 kg/h typical FG flow rate). Dif-
ferent trials have been conducted and their detailed conditions can be found
in Li et al. (2015), which are helpful for model development and validation.

Table Al shows the test conditions, including both the input and the out-
put parameters. The maximum deviations are 4.1%, 2.6%, 2.9%, 0.3%, and
0.4% for the CO; absorption rate, reboiler temperature, reboiler duty, CO>
product purity, and CO; capture rate, respectively.

Table Al: Comparison between pilot plant trials and steady-state model results (Li et

al., 2015).

Test  condi-

Test 1 Test 2 Test 3 Test 4 Test 5
tions
Input param-
eters
Lean temp. °C 31.7 339 314 313 355
Lean flow rate,

31.7 26.9 32.0 27.0 31.3
L/min
Lean MEA

25.1 31.6 24 27.9 25.5
conc., wt.%
Lean CO2
loading, 0.279 0.314 0.294 0.284 0.280
mol/mol
Inlet flue gas

489.6 482.8 491.1 488.6 489.4
flow rate, kg/h
Stripper  toj

PP i 181.9 189.2 180.4 177.5 189.9
pressure, kPa
Results com-
) Exp. Sim. Exp. Sim. Exp. Sim. Exp. Sim. Exp. Sim.

parison
CO> absorption

735 71.32 742 72.99 742 71.1 723 70.7 74.4 73.64
rate, kg/h
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Reboiler tem-

116.9 118.5 117.2 120.3 116.4 117.9 117.0 118.1 117.6 119.7
perature, °C
Specific  re-
boiler  duty, 4.48 4.61 433 4.37 4.45 4.41 435 4.41 4.50 4.43
MlJ/kg CO2

CO:>  product
) 97.7 97.74 97.6 97.27 97.7 97.76 97.8 97.96 97.7 97.73
purity, vol%

CO2  capture
e, % 82.89 82.57 76.20 75.95 82.28 82.35 82.63 82.79 83.95 83.99
rate, %

B: Validation of the dynamic model in Dw/oC and DwC

The dynamic model is first used to do steady-state simulations without
changing the input parameters. The results are compared with the steady-
state results from Harun (2012). As shown in Table B1, the results obtained
using the dynamic model are in good agreement with the steady-state results.

Table B1: Comparison of the results of the dynamic model and the steady-state
model at base case conditions.

Lean MEA X CO: outlet from
Stack gas stream Rich MEA stream i

stream stripper

Sim.! Ref? Sim. Ref. Sim. Ref. Sim. Ref.
T
(lz')“p crature 314 314 3198 33325 3324 32709 35090 35261
Total molar
flow rate  31.95 30.36 3.58 3.86 32.38 30.51 0.9050 0914
(mol/sec)
Mole fraction
CO2 0.0305 0.0307  0.0083 0.0055 0.0509 0.0529 0.7251 0.7292
H.0 0.8646 0.8605  0.0944 0.1652 0.8456 0.8377 0.2736 0.2622
MEA 0.1049 0.1098 0 0.0001 0.1053 0.1092 0 0.0001
N2 0 0 0.8972 0.8292 0 0.0002 0.0013 0.0085

! Sim. = dynamic model results. 2 Ref. = steady-state results from Harun (2012).

In addition to the steady-state validation, the dynamic model is also val-
idated with the transient data (Harun, 2012). With the input of change of FG
flow rate shown in Figure B1, Figure B2 shows the validation, including the
temperature profile in the absorber, CO, removal rate in the absorber and
energy penalty. For the absorber (Figure B2 (a)), the maximum temperature
deviation is 5.9 K and the average deviation is 2.4 K. For the stripper (Figure
B2 (b-c)), the CO, removal rate decreases with the increase in FG flow rate
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because the solvent is not increased to absorb more CO,. The maximum de-
viation on CO; removal rate is 1.6%. The energy penalty from Harun et al.
(2012) is calculated based on the amount of removed CO, in the absorber.
The maximum deviation of the energy penalty is 1.6%.
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Figure B1: Changes in FG flow rate (Harun et al., 2012).
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C: Validation of the waste-fired CHP plant model

A model is developed in Aspen Plus to simulate the w-CHP plant (Li, Wang,
etal., 2019). The model consists of three modules: the boiler module, which
simulates the combustion and FG cleaning processes; the steam turbine cy-
cle module, which simulates the electricity generation, steam extraction, and
steam condensation; and the district heating (DH) supply module, which
simulates heat generation for the DH network.

To validate the w-CHP plant model, simulated results are compared with
measured data under different heat demands, as shown in Figure C2. The
selected parameters include electricity generation, and the heat recovered
from the extracted steam condenser (SC_exhaust & SC_extracted), the by-
pass steam condenser (SC_bypass), and the flue gas condenser (FGC).
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Figure C2: Validation of the waste-fired CHP plant model.

D: Validation of machine learning models

D1: Heat demand model

An ML model based on the back-propagation neural network (BPNN) is
established to predict the heat demand (ML_demand). The ambient temper-
ature and wind speed are input features. The real data of the example plant
are used, in which the heat demand equals the known heat supply, and the
weather data are taken from SMHI. Data covering one week from each of
the four seasons are used. 75% of the data is used for model training, and
the other 25% for model validation. Figure D1 illustrates the validation re-
sult of the ML_demand model, which has an MAPE of 5.1%.

200

----- Results from the BP-NNM model
P Results from the Aspen Plus model
o ‘
; 150 ™ N MAPE: 5.05% : ﬂ
2 F bl
ERR o, | b prtd |
4 T R : " b o |
< T W p*’*j{ fo o N‘ sy
HE IO Ml i )
2100 g et sl
= LI AL R [
2 n Wléb ogpmesimemd
8
5 504
&
a
0 T T T T
0 133 266 399 532 665

Sample time

Figure D1: Validation of the ML demand model.
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D2: CHP model

The BPNN is also used to develop a model to simulate the operation of the
CHP plant (ML_CHP). The heat demand is an input feature, and the amount
of captured CO,, the net electricity generation, and the amount of generated
CO; are taken as the output. To train and validate the ML model, simulated
results of the developed first principles models are used, including the data
covering one week from each of the four seasons.

Two ML_CHP models are developed corresponding to OM1 and OM2,
and the validation is illustrated in Figures D2 and D3. The MAPEs are 1.3%,
0.9% and 8.7% for the amount of generated CO,, the amount of captured
COy, and the net electricity generation, respectively, for OM1, and 0.8% and
0.9% for the amount of generated CO, and the amount of captured CO,,
respectively, for OM2,
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