Systems .Control
Transactions

ESCAPE 36 - European Symposium on Computer Aided Process Engineering

Original Research Article
Peer Reviewed Conference Proceeding

PSE

PRESS

Sheffield, UK. 21-24 June 2026

Model verification and Uncertainty Quantification methods
using the CCSI simulation model for CO, capture

Jessica V. Scheffer®”, Serena Delgado?, Olivier Authier?, Valentin Loubiére?, Franchine Ni?, Christophe

Castel® and Jean-Marc Commenge®

2 EDF R&D, Chatou, France
b Université de Lorraine, CNRS, LRGP, F-54000 Nancy, France
* Corresponding Author: jessica.vaz-scheffer@edf.fr.

ABSTRACT

This work aims at verifying the CO: absorption capture model using monoethanolamine (MEA)
solvent developed by the U.S. DOE’s Carbon Capture Simulation Initiative (CCSI) and performing
uncertainty propagation of mass transfer, liquid hold-up and reaction kinetics properties in the
complete model, which includes absorber and stripper columns. The verification of the Aspen Plus
CCSI model, based on pilot plant data from the National Carbon Capture Center (NCCC) for a CO2
flue gas concentration between 7 and 11% (mol) allowed uncertainty quantification (UQ) analysis
for four different selected operational points using Monte Carlo Simulation (MCS), where low liquid
mass transfer parameters exhibited an impact on calculation convergence. Gaussian Processes
(GP) surrogate model was implemented, followed by a sensitivity analysis in order to correlate the

most sensitive parameters with studied outputs.
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INTRODUCTION

Carbon capture, utilization and storage (CCUS) is
emerging as a technology to support the energy transi-
tion toward net-zero emissions by 2050, to limit the rise
in global temperatures as close as possible to 1.5°C. Ac-
cording to the International Energy Agency (IEA) Net Zero
Emission (NZE) scenario, CCUS technologies play some
critical roles in the transition to net zero, especially con-
sidering the difficulty of eliminating emissions in hard-to-
abate industrial sectors, aviation and maritime shipping.
Since carbon capture technologies can also be applied to
already existing energy assets, it has been considered as
part of the energy transition strategies, with a post-com-
bustion application of CCS technologies (targeting 95%
capture) from fossil-fuel thermal power plants.

The most mature technique for CO: capture is
chemical absorption with amine-based aqueous solu-
tions as absorbents. A steady-state open-source CO:
capture model with 30 wt.% aqueous monoethanolamine
(MEA) as the solvent was developed and validated by the
U.S. DOE’s Carbon Capture Simulation Initiative (CCSI)
based on a pilot plant at National Carbon Capture Center
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(NCCC) [3, 4]. The flowsheet (v3.2.1) of the NCCC pilot
plant MEA Steady State Model developed by the U.S.
DOE’s CCSI and modelled in the process modelling soft-
ware Aspen Plus is represented in Figure 1. The open-
source code is available on the release page [5].
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Figure 1. CCSI model flowsheet based on NCCC pilot
plant, available in [5].

CO: is captured through the absorber column and
recovered in the flash unit and stripper column. A design
specification is used in Aspen Plus (rate-based columns
using RateSep) to adjust the reboiler duty based on lean
CO:2 loading setpoint. An economiser heat exchanger is
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also included between the lean solvent stripper output
and rich solvent absorber output for energy integration.

Uncertainty Quantification (UQ) is a method used to
determine the confidence level of a numerical model, out-
lining the most sensitive sources (process variables or
model parameters) and predict outlet variabilities, con-
sidering the uncertainty carried by those sources. UQ
analysis requires having first verified the model for phys-
ical consistency. To allow the UQ analysis in the CCSI CO2
capture model, a set of operational data from NCCC pilot
plant from 2014 and 2017 was used for model verifica-
tion. The %CO:2 capture, rich CO: loading, reboiler duty
and rich solvent flow rate were compared to data points
to attest model accuracy. Once the model is verified, un-
certainty quantification implementation requires the def-
inition of: (1) uncertain sources and their respective dis-
tributions and (2) output variables and their quantities of
interest (e.g., mean, median, dispersion parameters).

The CCSI initiative developed a complete CO; ab-
sorption process model [3, 4] using UQ analysis while
other recent studies such as [8] compared different UQ
analysis techniques for an absorber model under one op-
erational condition. This work complements the CCSI un-
certainty propagation over larger ranges of liquid and gas
flow rates to obtain %CO2 capture and reboiler duty prob-
ability distributions. Mass-transfer, hold-up and reaction
kinetics properties are used as uncertain sources to ob-
tain %CO2 capture and reboiler duty probability distribu-
tions. Then, sensitivity analysis is performed to correlate
the most sensitive parameters with studied outputs.
While the CCSI initiative obtained the input probability
distributions by parameter regression, in this work they
are built based on literature data.

METHODOLOGY

Uncertainty Quantification Techniques

In general, UQ consists of identifying uncertain pa-
rameters and propagating their uncertainty to the numer-
ical model. Different routes exist for UQ. The most
straightforward way uses a rigorous model (in the case
of this work, the Aspen Plus model) to propagate uncer-
tainties. Initially, a sample from the probability distribu-
tions of the chosen uncertain sources is generated. For
this work the chosen sampling method is the Monte Carlo
Simulation (MCS) where samples are randomly gener-
ated according to the defined set of sources probability
distributions. Because MCS (as well as other sampling
methods) requires a large number of simulations, UQ can
be propagated through surrogate models, which approx-
imate the rigorous models with lower complexity and
computation cost, but do not represent chemical or phys-
ical phenomena. MCS and other computations can then
be performed at a lower cost with the surrogate model
instead of the rigorous model, for example to perform
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sensitivity analysis. In this work, Gaussian Processes
(GP) surrogate model was implemented in order to obtain
1st and total Sobol indices.

Uncertain properties and selected outputs
distributions

Mass-transfer properties in both absorber and strip-
per columns (including mass-transfer coefficients and in-
terfacial area), liquid hold-up and reaction kinetics are
chosen as uncertainty sources considering previous
works on UQ analysis of CO2 chemical absorption pro-
cess models [3, 4, 8]. The probability distributions were
defined according to a literature review of the variability
of selected properties or parameters.

Because experimental data are primarily based on
measured properties rather than model parameters (ex-
cept for the reaction rate, for which dedicated experi-
ments were conducted to estimate the rate constant) this
work focuses on propagating uncertainties associated
with properties rather than parameters. However, in or-
der to perform an uncertainty analysis under different op-
erating conditions, parameters that are directly propor-
tional to these properties were selected to represent the
property uncertainty.

The selected uncertain sources, their relative Abso-
lute Average Deviation (AAD), relative standard deviation
(o) or coefficient of variation (CV), the name of the pa-
rameters used to propagate property uncertainty, their
mean value and standard deviation are presented in Ta-
ble 1. The relative AAD is presented in Equation 1 where
N is the number of experimental points. The relative AAD
is defined as the average of normalised absolute devia-
tions of literature models compared with experimental
values. The CV is the normalised standard deviation of
the data points with respect to the mean value.

relative AAD(%) = lz Dexp=Ymodel (1)
N Yexp

For the liquid and gas mass-transfer coefficients
and interfacial area, the relative standard deviation is ob-
tained from the relative AAD considering a normal distri-
bution and the Mean-Absolute Deviation model, as dis-
cussed in [15]. For liquid hold-up, the AAD and standard
deviation were directly obtained using experimental
points from [10].

Regarding reaction kinetics, although the rate con-
stants were directly measured, they differ from those im-
plemented in the CCSI model. Usually, reaction rate
equations are measured as functions of components
concentrations. However, the CCSI model calculates ki-
netics from components activities, which changes rate
constant dimensions. To maintain consistency, the coef-
ficient of variation obtained from the literature rate con-
stants is used to calculate the standard deviation of the
CCSI model rate constants.
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Table 1: Sources of uncertainty and probabilities for uncertainty analysis on the CCSI model

Measured Source Source Relative Relative o cv Parameter Mean Standard
AAD (%) (%) deviation

Liquid mass-transfer [9] 24 30.08 - CL 0.2033 0.0612

coefficient (k.)

Gas mass-transfer [9] 21 26.32 - Ce 0.3522 0.0927

coefficient(ke)

Interfacial area (ae) [9] 8.9 11.15 - Aq 1.4225 0.1586

Hold-up (hv) [10] 14.3 17.22 - Hi1 11.45 1.9725

Kinetic coefficient for  [11,12] - - 0.22 ke 2.5110° 5.54 108

Reaction 1 (ke1) [13,14] - - 0.17  kr2 2.29 104 3.85 103

Kinetic coefficient for
Reaction 2 (kr2)

Reactions 1 and 2 presented below are used in the
CCSI model [3, 4]. Reaction 2 can also be written as a
combination of Reactions 3 and 4. Due to a lack of exper-
imental data for Reaction 2, Reactions 3 and 4 were used
for literature review. Since Reaction 4 is considered to be
at equilibrium, Reaction 3 is therefore rate-limiting. Its co-
efficient of variation is used to predict the standard vari-
ation of kra.

2MEA + CO, < MEAH* + MEACOO-
M

MEA + CO, + H,0 < MEAH* + HCO,~  (2)
CO, + OH™ < HCO;~ (3)
MEA + H,0 < MEAH* + OH- (4)

The mean and standard deviation of obtained prob-
ability distributions are then reported in Table 1. The
standard deviations are the product of the AAD or the CV
(in the case of rate constants) and the parameters values
from the CCSI model [4], used as the mean value. All
probability distributions are considered as gaussian dis-
tributions.

RESULTS AND DISCUSSION

Model verification

For the purpose of uncertainty analysis, the CCSI
model was verified using NCCC pilot plant data. The var-
iation range of NCCC data is presented in Table 2. The
open-source data were reported in [6, 7]. Figure 2 com-
pares pilot plant data and CCSI model simulations for dif-
ferent outputs over the operational range reported in Ta-
ble 2. The %CO2 capture is obtained through the gas
mass balance in the absorber, which is equivalent to the
CO: produced in the flash and at the top of the stripper.
The data was classified by the use of intercooling at two
different heights of the absorber and the number of acti-
vated absorber sections, which changes packing height
in the simulation model. Out of 52 simulation runs, 44
Scheffer et al. /| LAPSE:2026.0407

successfully met the convergence criteria, providing a
statistically significant dataset for this study.

Table 2: Variation range of NCCC pilot plant data

Inlet conditions Range

Lean solvent flow rate (kg/h) 3016-11794
Lean loading (mol CO2/ mol MEA) 0.065-0.419
Flue gas flow rate (kg/hr) 1000-2997
%CO2 vol in flue Gas 0.067-0.115

Absorber active sections 1-3

Syst Control Trans 5:1626-1633 (2026)

A good agreement between model predictions and
reference data provides an indication of the quality of the
overall model and, by extension, of the mass transfer
model. Nevertheless, higher deviation is observed at
lower CO, capture rates.

Since the lean solvent loading is an input variable
and the CO, capture rate is well represented, it is ex-
pected that the rich solvent loading should also be accu-
rately reproduced. As, in addition, solvent flow rate does
not vary significantly throughout the absorber and the
flash unit, the rich solvent flow rate presents a good
model prediction for a wide range of flow rates.

Among the output variables, the reboiler duty is the
less accurately represented. This variable is more
strongly influenced by thermodynamic modelling within
the stripper, where only equilibrium reactions are consid-
ered. After verifying the model with the operational con-
ditions in Table 2, the uncertain parameters in Table 1
were propagated to obtain the %CO, capture and reboiler
duty probability distributions.

Uncertainty Quantification analysis

For the Monte Carlo Simulation (MCS), four different
sets of operating conditions, representative of conditions
reported in [6, 7] and showed in Table 3, were chosen to
propagate the mass-transfer, reaction kinetics and hold-
up probability distributions through the simulation model.

The selected cases, K1 and K13, differ primarily from
each other due to the presence of intercooling, as well as
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Figure 2: CCSI model verification using NCCC data pilot plant with respective relative AAD for the following out-
puts: %CO2 capture, rich loading, reboiler duty and rich solvent flowrate.

slight variations in other operational variables. In con-
trast, the last two cases, 12A and 2D, differ mainly from
the first pair because of the lower ratio of lean solvent
flow rate to flue gas flow rate. Additional distinctions in-
clude minor variations in other operational variables, the
presence or absence of intercooling, and, in the case of
2D, a different number of active sections.

A sample consisting of 300 points was generated for
each operational condition using Persalys, a graphic in-
terface of OpenTURNS, an open-source software devel-
oped by EDF R&D and Phimeca Engineering to facilitate
uncertainty analysis in numerical simulation. The %CO:2
capture and reboiler duty probability distributions were
analysed with the same sample for the four operational
conditions. A Gaussian Processes (GP) metamodel was
then constructed for each operational condition for Sobol
indices computation.

Monte Carlo Simulation

Convergence domains

The simulation framework demonstrated high nu-
merical consistency, achieving a success rate of 95.7%
across 1200 runs (300 per operational point). 1148
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calculations were completed successfully, while the re-
mainder resulted in warnings (21), errors (26) or non-con-
vergence (5).

Table 3: Operational conditions chosen for MCS

Cases K1 K13 12A 2D
Lean solvent 6804 6804 4166 4600
flow rate (kg/h)

Lean loading 0.152 0.172 0.144 0.200
(mol CO2/ mol

MEA)

Flue Gas flow 2248 2238 2976 1998
rate (kg/hr)

%CO- vol on 0.115 0.093 0.097 0.107
flue gas

Absorber ac- 3 3 3 2

tive sections

Intercooling Yes No Yes No
%COz2capture 99.95 98.37 7681 87.4
of determinis -

tic model
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Figure 3. Probability distribution of %CO2 capture (%) and reboiler duty (W) using CCSI model for mass transfer
and hold-up uncertain parameters listed in Table 1 and operational points listed in Table 3 : Blue (K1), purple (K13),

green (12A) and pink (2D).

To maintain the independence of the results and
prevent error propagation, the system was reinitialised
following any failure to converge. Discrepancies were pri-
marily confined to cases involving low liquid mass trans-
fer C. coefficient (< 0.2) and/or lower lean flow rates.

RESULTS

Figure 3 reports the probability distribution of %CO2
capture and reboiler duty for the conditions reported in
Table 3. Table 4 reports the probabilistic moments, mean

Scheffer et al. /| LAPSE:2026.0407
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(x) and standard deviation (o), for a wider range of out-
puts for the studied operational conditions.

For the cases K1 and 12A, the most divergent %CO2
capture result of 45.5% and 32.4% respectively, and re-
boiler duty of 652 kW and 465 kW respectively, were re-
moved from the figure in order to better display the re-
sults (even if the simulations were completed normally;
the probabilistic moments presented in Table 4 still in-
clude those outlier values). This divergence is explained
by the lower Cy value (0.01). The other two cases resulted
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Table 4: Probability moments for UQ analysis of CCSI model using MCS sampling

Cases

Mcoz capture Ocoz2 capture HMreboiler duty O reboiler duty Mcoz loading Ocoz loading I""i;!; solvent a-ri;'ll solvent
(%) (%) (kW) (kW) (mOl (mOl owrate owrate
CO2/ mol CO2/ mol (kg/h) (kg/h)
MEA) MEA)
K1 99.71 3.15 524.60 11.28 0.411 0.0084 7125 12.88
K13 98.34 0.14 458.10 4.90 0.374 0.0003 6905 4.57
12A 76.43 2.79 355.60 7.73 0.493 0.0139 4200 5.33
2D 86.26 3.14 284.16 2.03 0.461 0.0057 4585 0.88

in an error for this parameter value. The other outlier
%CO2 capture points on the PDF were also obtained with
low C. values.

Surrogate Models

To complete UQ analysis of CCSI model obtaining
the Sobol indices, the GP surrogate model was imple-
mented and tested using Persalys. The two mentioned
outlier points in cases K1 and 12A (%CO2 capture result of
45.5% and 32.4%) were removed from the database for
surrogate model construction in order to improve the
model accuracy. Because GP implementation for K1 was
not successful using the complete sample (model not val-
idated for the test set), two additional outlier points were
removed (with %CO: capture result of 97.7% and
98.61%).

Table 5 gives the residue (¢) and the agreement with
the test set (Q?) using the leave-one-out (LOO) analytic
cross-validation method for each output for the Gaussian
Process (with Matern method). LOO analytic method de-
tails can be consulted in [17].

Table 5: Residual error and Q% LOO for Gaussian Process
Metamodel

Cases K1 K13 12A 2D
€co,caprure  0-002 0.003 0.017 0.015
(%)

Qco,caprure 0-87 0.88 0.94 0.99
Ereboiler 0.046 0.031 0.046 0.008
duty

(kW)

Q%eboiter  0.99 0.99 0.96 0.99
duty

€¢0, loading 6.410% 5.710% 7.710° 4.510°

(mol CO2/

mol MEA)

Qco, ading  0-87 0.89 0.95 0.98

Erich solvent 0.05 0.03 0.02 0.01
flowrate

(kg/h)

Q%ich solent  0.32 0.99 0.99 0.97
flowrate

Scheffer et al. /| LAPSE:2026.0407
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The surrogate model of K1 is less accurate and
does not present a good agreement with the original
model for rich solvent flow rate (rich CO2 loading and
%CO2 capture are also less accurate compared with the
other GP surrogate models).

Figure 4 reports the 1%t and total Sobol indices ob-
tained by the GP surrogate model presented in Table 5
for %CO2 capture and reboiler duty. As a method based
on variance decomposition, the 15t order Sobol index is a
global measurement of the output sensitivity to each pa-
rameter input [16], while higher-order Sobol indices also
show parameter interactions. The total Sobol indices rep-
resent the global contribution of the parameters to the
variance of the outputs. For cases with lower solvent flow
rate (12A and 2D), C. present-ed the stronger impact on
the %CO- capture, followed by A:. For cases with higher
solvent flow rate (K1 and K13), the parameters A and Kr
were more influent for %CO:2 capture, with a contribution
of C. for Ky and Ce for Kis. Those cases also have a bigger
deviation between the 15t and total Sobol indices for Cy,
A1 and Kr1 for %CO:2 capture results. C. presented an im-
pact on the reboiler duty for all operational conditions.
Since the gas flow rate is in a similar range for the ana-
lysed cases, higher solvent flow rates reduce the contact
time between the liquid and gas phases. With less time to
reach equilibrium, the interfacial area and reaction kinetic
properties become limiting factors in the CO2 absorption
process. However, the reboiler duty does not follow the
same phenomena as CO2 capture because it is connected
with the stripper column thermodynamics, which is less
dependent on the contact area between the liquid and
gas phases and where no kinetic reactions are consid-
ered. Therefore, the most influential property for reboiler
duty analysis is the liquid mass-transfer coefficient.

CONCLUSION

The model validation was sufficiently accurate to al-
low the uncertainty quantification analysis for different
points across operational condition ranges. For the ana-
lysed uncertain properties (mass-transfer, liquid hold-up
and reaction kinetics), uncertainty propagation using
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Figure 4: 15t and total Sobol indices with 95% confidence interval obtained by the GP surrogate model: Blue (K1),

purple (K13), green (12A) and pink (2D).

MCS sampling demonstrated a reasonably low deviation
from average values for the analysed outputs, especially
for %CO2 capture which presented a maximum standard
deviation of 3.15% for the four operational conditions in-
vestigated (considering outlier points). Therefore, the GP
surrogate model presented satisfying agreement for K13,
12A and 2A cases and presented some limitations for K1
(for rich solvent flow rate property). The sensitivity anal-
ysis of the complete model shows different impacts on
the output distributions according to operational condi-
tions. Among analysed properties, liquid mass-transfer
coefficient shows the highest impact on the convergence
of the samples. This is consistent with sensitivity analysis
that demonstrated the strong impact of the C. parameter,
especially for lower solvent flow rate, indicating the liquid
mass-transfer property influence. Interfacial area and

Scheffer et al. /| LAPSE:2026.0407
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reaction kinetic properties become more influent for
greater liquid-gas ratio.

A more thorough analysis is expected for further
works: (1) to consider other uncertain properties in the
UQ analysis, and (2) other methods for sensitivity analy-
sis. Surrogate models could also be built to replace the
rigorous model, with varying operational conditions,
which would require a deeper investigation on model
convergence (e.g., initialisation) but allow wider UQ anal-
ysis techniques with larger samples.
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