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ABSTRACT

Anthropogenic carbon-dioxide emissions, exceeding 51 billion tons annually, are a major driver of
global climate impacts. Aqueous amine scrubbing offers an effective carbon-capture solution, but
the energy-intensive thermal regeneration step of the process significantly increases costs, limit-
ing large-scale adoption. To address these challenges, computational optimization of process and
molecular design is promising but often too resource-intensive, emphasizing the need for efficient
surrogate models. Specifically, we develop a surrogate model based on an artificial neural network
(ANN) that is employed to replace rigorous phase-equilibrium computations performed with the
SAFT-y Mie group contribution method within a steady-state aqueous amine carbon-capture pro-
cess model. Our ANN is trained on 32,768 vapour-liquid equilibrium data points of a quaternary
mixture of water, monoethanolamine, carbon dioxide, and nitrogen over industrially relevant tem-
perature, pressure, and composition ranges, achieving mean-relative errors below 2% for most
variables. The ANN is integrated into a computer aided process design (CAPD) framework and
evaluated via mathematical optimization, with the total annualized cost (TAC) as the objective
function. Compared to the rigorous process model, the model with the ANN surrogate exhibits
reduced computational times of up to 81% while converging to near-identical optima within 1% of
the TAC. With a robustness analysis across the lean-loading and desorber-pressure design space
we show that the ANN effectively captures 90% of the investigated design space, vs. 77% for the
rigorous model. In a multi-start optimization ensuring global optimality, the surrogate converges
to the same point as the rigorous model, taking 10 h less. This demonstrates that carefully trained
surrogate models can significantly accelerate process optimization and enable larger-scale appli-
cations, paving the way for future solvent and process co-design efforts.
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INTRODUCTION

Annual anthropogenic carbon dioxide (COz) equiva-
lent emissions total approximately 51 billion tons, contrib-
uting to measurable climate change, manifested as
droughts, storms, and floods [1]. Carbon capture is
widely recognized as a key technology to reduce or even
reverse these emissions by separating CO2 from exhaust
gases in power, cement, and steel plants for storage or
utilization. A commonly considered approach is amine
scrubbing, in which COzis absorbed in an aqueous amine
solution via the equilibrium formation of bicarbonate and
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carbamate species and subsequently released through a
thermally driven process. This second step requires con-
siderable energy, increasing costs and diminishing incen-
tives for large-scale implementation [2].

Mathematical optimization can address cost and ef-
ficiency challenges by identifying optimal process de-
signs [3]. The solvent choice presents a significant opti-
mization problem, greatly increasing complexity and
computational cost. In a recent study, Lee et al. [4] intro-
duced an algorithm to solve the integrated solvent and
process design problem reliably. However, the associ-
ated computational costs remain prohibitively high,
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necessitating significant model simplifications, such as
employing equilibrium-stage models instead of more de-
tailed rate-based models. Surrogate models have histor-
ically been used to mitigate the burden of high computa-
tional costs [5], and the emergence of accessible ma-
chine-learning (ML) packages has further enhanced their
utility, enabling tractable solutions to problems previ-
ously limited by rigorous thermodynamic models [6].

A notable example is the study by Zhang et al. [7], in
which an ANN surrogate was employed to compute the
solubility of CO: in ionic liquids in a carbon-capture pro-
cess. The use of the surrogate made the global optimiza-
tion of the integrated solvent and process design possi-
ble. In recent studies, Karia et al. [8] and Zhang et al. [9]
evaluated various surrogate models for predicting the
phase stability of liquid mixtures in a solvent design prob-
lem, showing that the integration of surrogates within op-
timization could be used to achieve much greater tracta-
bility. Nentwich et al. [10] tested several surrogate mod-
els — ANNs, Gaussian Processes (GPs), and Support Vec-
tor Machines (SVMs) - to calculate the distribution coef-
ficient for the hydroformylation of 1-dodecane, replacing
a rigorous PC-SAFT thermodynamic model. Using these
ML surrogates successfully transformed an intractable
rigorous model into a tractable one. In another study by
Forster et al. [11], symbolic regression surrogates were
investigated for use in optimization. These authors con-
cluded that, with the currently available training methods,
the surrogates were too inaccurate and required exces-
sive training time to be practical. There is yet no consen-
sus on when it is possible to achieve a satisfactory bal-
ance between accuracy and computational cost with sur-
rogate models, and model development for a new appli-
cation usually requires extensive trial and error. The most
promising areas appear to be the use of surrogate mod-
els to replace models with no closed algebraic form (e.g.,
phase stability [8, 9]) or to replace expensive compo-
nents of the model to facilitate solutions with local or
global solvers.

Phase-equilibrium calculations, due to their expense
and nonlinearity-induced numerical issues, are ideal for
surrogate substitution. We aim to eliminate these costly
computations in agueous amine carbon-capture design
by replacing the SAFT- y Mie GC equation of state calcu-
lations [12, 13] with an ANN model. We consider a qua-
ternary mixture of water (H20), monoethanolamine
(MEA), COg, and nitrogen (N2). MEA is chosen as the sol-
vent as it is widely utilized, making it an ideal benchmark
for evaluation.

In this article, we first introduce the process model
and detail the ANN architecture and training. Next, we in-
corporate the ANN surrogate into our process design and
optimization framework, focusing on lean loading and de-
sorber pressure as decision variables, and compare its
performance against the rigorous thermodynamic model,
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evaluating computational efficiency, robustness, and
convergence to thoroughly assess accuracy and reliabil-

ity.
METHODS

Process Model

The process model used in our study (see Figure 1)
is a steady-state, two-column aqueous amine capture
system implemented in the process simulation software
gPROMS Process 2023.1.0. It comprises an absorber,
heat exchanger, desorber, condenser, reboiler, and
mixer, with equipment dimensions calculated from
stream properties and process requirements (e.g., cap-
ture rate). The model is derived from our previous work
[14, 15], considering a 400 MWe combined-cycle gas-
turbine plant [14], but where a rate-based model [15] re-
places the equilibrium-stage absorber model in [14]. All
thermodynamic properties are computed with the SAFT-
vy Mie GC method [12]. The total annualized cost (TAC) is
obtained as given by Lee et al. [14] assuming a lifespan
of 25 years and fixing the capture rate to 90%.

Clean Make-up Condenser <o,
gas solvent . gas
Lean
P,

%

Rich-Lean heat|
exchanger

Desorber

Absorber

, Steam

Lean
Flue Rich salvent

gas solvent

Reboiler

Figure 1. Flowsheet representation of the modelled
aqueous amine carbon-capture process in our current
work adapted from [14] licensed under CC BY 4.0.

Artificial Neural Network (ANN) — Architecture,
Training and Results

The ANN features are the inputs of a standard Tp-
flash algorithm, namely temperature T, pressure p, and
the global composition vector z. After performing a hy-
perparameter study using OPTUNA [16], we found that
two hidden layers with 50 nodes each adequately repro-
duce the fluid-phase behaviour, as more layers or nodes
yielded diminishing returns. The hidden layers employ the
ELU activation function, chosen for its smoothness and
suitability in gradient-based optimization. The output of
the ANN passes through a sigmoid function, bounded be-
tween 0 and 1. The elementwise multiplication of the re-
sulting output vector w, and the global composition vec-
tor z, are used to obtain the liquid-phase mole amounts,
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Figure 2: Parity plots comparing the description of the phase equilibria with rigorous thermodynamic model and
phase-equilibria calculations against predictions of the the trained surrogate for all points in the test set for a) the
liquid molar fraction of CO3, b) the vapour molar fraction of MEA, and c) the vapour phase fraction.

vector n,:
nx’i = ZL'WL',I: EC = {HZO,MEA,C02,N2}. (1)
The vector n,, of vapour-phase amounts is computed by

(2)

the vectors of mole fractions in the liquid and vapour
phases, x and y, respectively, follow as

ny,=2z-n,,

(3)

-1 -1
X = nx(ZiEC nx,i) ,y Y= ny(ZiEC ny,i) '

and the vapour-phase fraction B is given by
B=Cicczi — Liecnxi) Biccz) ™" (4)

In training the ANN, we used 32,768 vapour-liquid equi-
librium (VLE) data points for the chosen H20-MEA-CO2-
N2 mixture within the input domains of T = [298.15,420] K,
p=[0.1,025] MPa,  zy,o =[043, 0984], zuga =
[0.001, 0.15], zco, =[0.015, 0.25], and zy, = [0, 0.4],
based on typical process ranges established from previ-
ous work [15]. The data points are sampled using a Sobol
sequence and generated using the gSAFT Tp-flash algo-
rithm with the SAFT-y Mie equation of state [12] and the
relevant model parameters [13]. The data are split into
training, validation, and test sets using an 8:1:1 split. Both
labels and features are normalized using a mean-vari-
ance standardization. A learning rate a = 0.001 is identi-
fied as suitable with the OPTUNA framework. The model
is trained for 3000 epochs, tracking training and valida-
tion losses saving all parameter sets that achieved a
lower validation loss than the lowest loss recorded so far.
Twelve parallel pieces of training are performed with dif-
ferent seeds to mitigate initialization bias, and the best-
performing model parameter set is implemented in the
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process model. The setup and training of the ANN are
performed using the Pytorch 2.21 and CUDA 11.8 frame-
work in Python 3.8. Data sampling and training takes 7 h
on a Z8 HP workstation with 32 GB working memory, an
Intel Xeon 5416S processor, and an NVIDIA T1000
graphics card.

ANN Implementation and Process Optimization

The ANN is incorporated into gPROMS via its For-
eignObject (FO) framework. The ANN code is first trans-
lated into C++ using the Libtorch library and then com-
piled into a custom FO file. This setup provides direct ac-
cess to all custom functions and their analytical deriva-
tives, computed through backpropagation, facilitating ef-
ficient gradient-based optimization.

Process optimization is executed using a Control
Vector Parameterization Single Shooting algorithm. The
objective function is the TAC. The primary decision vari-
ables are lean loading 6o, and desorber pressure pges.
Optimization runs employ either the rigorous phase-equi-
librium model or the ANN surrogate. Subsequently, the
results of these two models are compared in terms of
speed, robustness, and consistency in finding optima
from different initial conditions.

RESULTS AND DISCUSSION

ANN Training Results

Our ANN is found to be highly accurate. For the
given quaternary mixture of H.O-MEA-CO2-N2, the ANN
allows the successful prediction of the molar amounts in
both phases and the phase fractions. Due to space con-
straints, presenting all 17 parity plots is beyond the scope
of this publication. Instead, we include the parity plots of
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the liquid molar fraction of CO», the vapour molar fraction
of MEA, and the vapour phase fraction as representative
results of the test set between the rigorous and the sur-
rogate model shown in Figure 2 a), b), and c), respec-
tively. Excellent agreement is apparent from these plots,
with most points lying on the 45-degree line and the few
deviations remaining very close. The maximum mean-rel-
ative error is 2% for the vapour mole amount of the MEA,
whereas the minimum mean-relative error of 0.15% is re-
ported for the liquid fraction of MEA. Following these
promising results, we integrate the ANN into the process
model and conduct optimizations.

Process Design and Trajectories Comparison

We conduct a process design optimization, evaluat-
ing both the rigorous and surrogate models. Starting at
two distinct initial points, one closer to the best known
optimal solution (Initial point 1, IP1: desorber pressure of
Pdes = 0.181 MPa and lean loading of 6¢q, = 0.250), and
one further away (Initial point 2, IP2: desorber pressure
Pdes = 0.181 MPa, lean loading 6¢o, = 0.030). The results
of these runs are reported in Table 1. For IP1, both models
are in good agreement on the TAC (36.02 M$/year for the
rigorous model vs. 36.51 M$/year for the surrogate
model), while for IP2, there is a more significant deviation
(99.51 M$/year for the rigorous model and
132.21 M$/year for the surrogate). This is caused by mi-
nor inaccuracies in the predicted phase compositions
that influence properties such as heat and flow, which in
turn lead to a higher TAC, indicating the high degree of
sensitivity of the model near IP2.

As shown in Table 1, for IP1, the solutions obtained
following optimization are in good agreement, with a 1%
deviation in TAC and less than 2% deviation in the design
variables. Regarding computational efficiency, the total
optimization time is reduced by 71% using the surrogate
model, requiring 52 s compared to 182 s. The surrogate
took 32 iterations to converge, whereas the rigorous
model took 41. Model evaluation times are, similarly, re-
duced by 63%.

For IP2, despite the initial difference in TAC, the op-
timizer converges to very similar values. The surrogate
model deviates slightly from the previous optimal point
with respect to the optimal pressure. This, however, can
be explained by the fact that the value of the objective

function is relatively insensitive to the desorber pressure
in this region of the design space, see Figure 3 b). Re-
garding the computational efficiency, the total optimiza-
tion time is reduced by 82% when using the surrogate
model. The surrogate took 89 iterations to converge,
whereas the rigorous model took 104. Model evaluation
times are, reduced to a lesser extent (38%). Using the
surrogate model within optimization brings additional
benefits by increasing the speed of gradient evaluations
and reducing the number of iterations needed for con-
vergence. The surrogate maintains an accuracy within 1%
for the objective function and less than 5% deviation in
the design space.

Finally, a comparison between the optimization tra-
jectories taken by both models is performed and pre-
sented using the contours of the TAC of the rigorous and
surrogate model as a background, see Figure 3 a) and b),
respectively. When comparing the trajectories taken for
IP1, it is evident that both models follow the same path,
and the speed advantage of the ML model stems purely
from the faster evaluation of the model and gradients at
each iteration. However, when comparing the trajectories
for IP2, the rigorous model requires more iterations, re-
sulting in the 82% speedup compared to the 71% speedup
achieved for the optimization performed starting from the
closer initial point. These results exemplify the possible
benefits of using an ML surrogate in optimization. One
can observe slow progress near the final point, as the line
search does not lead to improved points. Successful con-
vergence is achieved after reinitialization at the optimal
solution for both models, suggesting that the optimiza-
tion tolerance is most likely not met due to corruption of
the Hessian caused by quasi-Newton updates, indicating
there is scope for further acceleration.

Robustness and Multi-start Optimization

To compare the robustness of both models, a sam-
pling of the design space within the bounds of pges =
[0.1,0.35] MPa and 8¢, = [0.02,0.5] is conducted. The re-
sults are summarized in Figures 3 a) and b), where the
coverages for both models are shown as a contour plot
showing the TAC values. The surrogate model covers ap-
proximately 90% of the sampled space, whereas the rig-
orous model covers 77%.

When analyzing the relative deviation between the

Table 1: Comparison of optimization results starting from two different initial points for the rigorous and the sur-
rogate models, in terms of speed and accuracy.
Initial point 1 Rigorous Surrogate Initial point 2 Rigorous Surrogate
Brean ! - 0.250 0.314 0.315 0.030 0.317 0.314
Paes | MPa 0.181 0.206 0.199 0.181 0.203 0.194
TAC / (M$/year) 36.08/36.52 32.09 32.33 99.05/132.13 32.09 32.34
Time /s - 182 52 - 454 80
Time per model - 0.082 0.031 - 0.042 0.026
eval. /s
Baakes et al. / LAPSE:2025.0327 Syst Control Trans 4:1089-1094 (2025) 1092
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values of the objective function in the overlapping areas,
as presented in Figure 3 c), the deviation is below 10% in
most of the space and close to 0% in proximity to the op-
timal region. However, at the edges, the deviation rises
to a maximum of several million percentage points.
Lastly, we perform a global search based on multi-
start optimization. We initialize the optimization at 128
points within the given design space using a Sobol’ se-
quence. In the case of the surrogate, the ten best solu-
tions are re-optimized with the rigorous model to improve
accuracy. The average time to converge to the optimal
point is 672 s for the rigorous model, whereas the surro-
gate requires just 175 s, a time reduction of 74%. This
amounts to a total time of 23.91 h for the rigorous model
compared to 6.8 h for the surrogate, including the re-op-
timization, which in turn equates to a ~10 h total time ad-
vantage for the surrogate model, considering the 7 h
sampling and training time. The ten best solutions for the
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surrogate after re-optimization converge to the point
Ddes = 0.202995 + 0.000242 MPa, fco, = 0.317342 +
0.000058 with a TAC = 32.0914 + 0.000082 M$/year. The
values for the rigorous model are pg.s = 0.203184 +
0.000783 MPa, 0co, = 0.317355 £ 0.000003 with a TAC =
32.09132 4+ 0.000092 M$/year. It is apparent that using
this approach, both methods effectively converge to the
same optimal solution.

CONCLUSIONS

We have demonstrated how integrating an ANN into
the model of an aqueous amine carbon-capture plant, to
replace rigorous phase-equilibrium calculations, can re-
duce the optimization time by up to 82%. We have also
conducted a detailed analysis comparing the ANN to the
rigorous model, which makes use of the SAFT-y Mie GC
approach in terms of optimization paths and robustness
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across the design space as well as in a multi-start opti-
mization. We show that a well-trained surrogate can con-
verge to the solution with a time reduction between 70%
and 80% compared to the rigorous model. The ANN sur-
rogate successfully represents 90% of the investigated
design space compared with 77% for the rigorous model.
Additionally, the surrogate model successfully converged
to the same point in a multi-start optimization taking 74%
less time than the rigorous model

Our work demonstrates that ANN-based surrogates
for phase-equilibrium calculations can be significantly
faster and more robust than rigorous thermodynamic
models, making them ideal for complex optimization
tasks with a high number of decision variables or dynamic
conditions. A transfer learning approach could further
mitigate lengthy sampling and training challenges. In fu-
ture work, we plan to extend this framework to tackle
coupled process and molecular design problems.
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