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ABSTRACT

This work explores symbolic regression (SR) as an interpretable surrogate modelling approach for
the multi-objective optimisation of pressure swing adsorption (PSA) systems for CO2 capture. A
first-principle model was used as a virtual plant to generate synthetic datasets covering the oper-
ating space defined by cycle step durations. Two surrogate frameworks were developed and com-
pared: SR models derived through evolutionary search and deep neural networks (DNNs) trained
via Hyperband-based tuning. Both surrogates were used as simulation models within an optimisa-
tion procedure based on a particle swarm optimisation (PSO) algorithm to maximise CO2 purity and
recovery. While DNNs achieved the lowest prediction errors (MSE ~ 109, the SR surrogates pro-
vided compact analytical representations and significantly faster optimisation. The SR framework
yielded a denser and more diverse Pareto front (4345 vs 508 points). It was about 34 times faster
(38.6 s vs 1331 s), confirming its efficiency for surrogate-based optimisation of cyclic adsorption

processes.
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INTRODUCTION

Pressure swing adsorption (PSA) systems play a key
role in gas separation technologies due to their flexibility,
high efficiency, and low maintenance costs (Capra et al.,
2018; Habib et al.,, 2016). They have been extensively
employed in processes ranging from air separation (Ka-
min et al., 2022; Tian et al., 2022) and hydrogen purifica-
tion (Luberti and Ahn, 2022; Kalman et al., 2022) to car-
bon dioxide (CO2) capture from flue gases (Nikolaidis et
al., 2016, 2015). Despite their industrial maturity, optimi-
sation of PSA units remains challenging due to their in-
herently cyclic operation, strong multiscale dynamics,
and the tight coupling between adsorption, desorption,
and switching phases, which lead to highly nonlinear and
constrained process behaviour (Khajuria & Pistikopoulos,
2013; Leperi et al., 2019). The coupled mass, heat, and
momentum balances that govern adsorption and desorp-
tion transitions must be solved repeatedly over multiple
cycles until the system reaches a cyclic steady state
(CSS), resulting in a computationally expensive
https://doi.org/10.69997/sct.116143
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optimisation problem governed by large sets of stiff par-
tial differential equations (PDEs) (Ward and Pini, 2022;
Rebello & Nogueira, 2024).

Surrogate modelling techniques have emerged as
an alternative to accelerate process optimisation while
retaining sufficient physical accuracy. Surrogate-based
optimisation replaces the high-fidelity first-principles
model with an approximate data-driven representation
that captures the input-output relationships between de-
cision variables (e.g., step durations, pressures, and re-
flux ratios) and process performance metrics (e.g., CO2
purity and recovery).

These surrogate models have been successfully ap-
plied to PSA, generating Pareto fronts that describe the
trade-offs between competing objectives, such as purity,
recovery, and energy consumption (De Witte et al., 2021;
Panerati et al., 2019; Zhang et al., 2022).

Among the various surrogate modelling strategies,
deep neural networks (DNNs) have received particular
attention (Costa et al.,, 2024; Nogueira et al., 2022;
Subraveti et al., 2019). As demonstrated by Rebello and
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Nogueira (2024), DNN-based surrogate frameworks can
reliably approximate the nonlinear behaviour of cyclic ad-
sorption systems, drastically reducing simulation time
and enabling systematic multi-objective optimisation.
The resulting operating maps help identify optimal pro-
cess configurations and inform decision-making. Despite
their predictive accuracy, these data-driven models re-
main largely opaque, offering limited interpretability and
little insight into the physical or phenomenological mech-
anisms underlying adsorption dynamics (Rebello et al.,
2024).

To overcome these limitations, recent research has
begun to explore more transparent machine learning par-
adigms, in which the emphasis shifts from pure prediction
to computational efficiency and analytical tractability. In
this context, SR offers a promising approach (Makke &
Chawla, 2024; Quade et al., 2016; Angelis et al., 2023).
Unlike neural networks, which encode relationships im-
plicitly through parameters distributed in hidden layers,
SR explicitly searches for analytical expressions that best
fit the available data (Rebello et al., 2024; Hu & Zhang,
2023). By combining evolutionary search and sparse re-
gression principles, symbolic regression identifies com-
pact, readable equations that capture system behaviour
while revealing underlying physical trends and nonlinear
dependencies.

Symbolic regression has been increasingly adopted
across a wide range of engineering applications. In pro-
cess monitoring and fault detection, SR has been used to
derive interpretable diagnostic expressions directly from
process data (Hale et al., 2022). In soft sensing, SR has
been applied to construct explicit input-output mappings
for inferential estimation of difficult-to-measure variables
(Kay et al., 2024). In the context of control, SR has been
employed to identify compact symbolic controllers and
model predictive control surrogates that are both com-
putationally lightweight and physically transparent
(Scheffold et al., 2021). For optimisation, SR-derived sur-
rogates have been embedded into mathematical pro-
gramming frameworks to enable gradient-based search
and reduce evaluation cost (Sofronova et al., 2021). More
broadly, SR has demonstrated strong potential for scien-
tific discovery, recovering governing equations from data
across physics, chemistry, and materials science (Angelis
et al., 2023).

Beyond its direct application as a surrogate model-
ling tool, SR offers several promising extensions, partic-
ularly relevant to computationally intensive multi-objec-
tive optimisation problems. The analytical nature of SR
expressions enables direct embedding into algebraic op-
timisation solvers, avoiding the matrix operations and nu-
merical differentiation overhead inherent to black-box
models such as DNNs, which becomes especially advan-
tageous when objective function evaluations must be
performed repeatedly across large swarms or
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populations (Cozad et al., 2014). Furthermore, SR-de-
rived surrogates naturally produce smooth, differentiable
expressions that facilitate gradient-based search and
yield denser, more diverse Pareto fronts at a lower com-
putational cost, while also producing a significantly richer
set of optimal solutions. These properties suggest that
SR could be extended to higher-dimensional multi-objec-
tive problems, to online re-optimisation under changing
operating conditions, and to real-time decision support in
CO: capture systems, where computational efficiency is
a critical practical constraint.

However, symbolic regression models have not yet
been investigated for PSA systems. This represents a no-
table gap in the emerging literature on machine learning
applications in chemical process systems, where the po-
tential of faster surrogate models remains largely unex-
plored. Moreover, given the highly nonlinear nature of
PSA dynamics, the behaviour of SR-based surrogates re-
quires careful assessment, as these models may intro-
duce spurious or artificial local minima in the optimisation
landscape if not properly regularised and validated.

In this context, the objective of this work is to com-
pare the performance of DNN and SR surrogate models
for the optimisation of PSA systems, and to evaluate
whether SR-based models can effectively serve as relia-
ble and computationally efficient surrogates, where inter-
pretability is understood as a consequence of the analyt-
ical nature of SR expressions rather than a claim of phys-
ical correspondence to adsorption dynamics.

METHODOLOGY

The overall methodology adopted in this study is il-
lustrated in Figure 1. The methodology is structured into
four main stages: data curation (Section 2.1), SR model
(Section 2.2), DNN model (Section 2.3), and multi-objec-
tive optimisation (Section 2.4).

The case study investigated in this work concerns
the optimisation of a single-column PSA unit for capturing
CO:2 from a binary CO2/N2 mixture. The PSA process op-
erates cyclically, relying on the preferential adsorption of
CO2 over N2 onto a solid adsorbent, zeolite 13X, under
alternating pressure conditions. Each cycle comprises a
sequence of steps (Figure 2): pressurisation (pres), ad-
sorption (ads), heavy reflux (HR), depressurisation (de-
press) and light reflux (LR). During the pressurisation
stage, the column pressure is increased to the adsorption
level; in the adsorption step, CO: is selectively retained
by the zeolite, while N2 exits as the light product. The
subsequent depressurisation and purge steps promote
CO: desorption and restore the adsorbent's capacity for
the next cycle. The process is governed by key decision
variables, including the durations of each step (tpres, tads,
tdepres, and tourge). The leading performance indicators con-
sidered are CO:z purity and CO2 recovery, which depend
nonlinearly on these operational conditions and on the
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thermodynamic and kinetic properties of the zeolite 13X
adsorbent.
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Figure 1. Diagram describing the methodology adopted
in this work.

The detailed formulation of the mechanistic PSA
model used in this work, including the PDE system, mod-
elling assumptions, boundary and initial conditions, and
the adopted kinetic and process parameters, is pre-
sented in Rebello and Nogueira (2024).

Data curation

Synthetic data were generated using a mechanistic
PSA model implemented as a virtual plant. The sampling
of operating conditions was performed using Latin Hy-
percube Sampling (LHS) to ensure a uniform and statisti-
cally independent exploration of the design space. The
selected input variables correspond to the step durations
of the PSA cycle, pressurisation (tpres), adsorption (tads),
heavy reflux (tir), depressurisation (teepres), and light re-
flux (twr), which were systematically varied within physi-
cally feasible limits. For each LHS sample, the virtual plant
was simulated until a cyclic steady state (CSS) was
reached, and the corresponding process performance in-
dicators were recorded. The model outputs, or target
variables, are CO2 purity and recovery, which quantify the
PSA process's separation efficiency and product quality.
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Figure 2. Schematic representation of the PSA cycle for
CO:2 capture from a CO2/N2 gas mixture, illustrating the
successive steps.

The complete dataset was then curated to remove
incomplete or non-convergent simulations and subse-
quently normalised to improve numerical stability during
model training. Finally, the curated data were randomly
split into training (70 %), validation (15 %), and testing (15
%) subsets. This partition ensures that the surrogate
models, both SR and DNN, are trained on representative
data while preserving independent sets for unbiased per-
formance evaluation and generalisation assessment.

SR model

The SR framework was employed to identify analyt-
ical surrogate models that capture the nonlinear relation-
ship between the PSA operating variables and the pro-
cess performance indicators, namely CO: purity and CO:
recovery. Symbolic regression formulates this task as a
nonlinear regression problem of the form:

y = f(u,,p) M

where u denotes the vector of decision variables (step
durations), and B represents the fitted parameters. Can-
didate expressions are iteratively constructed by com-
bining elementary mathematical operators: {+, -, %, =+,
sin, cos, exp, log} and constants through an evolutionary
symbolic search. This process explores a large function
space while progressively selecting the most representa-
tive equations based on their predictive accuracy and
structural simplicity.

Model selection was guided by a multi-objective fit-
ness criterion that balances prediction error, quantified
by the mean squared error (MSE) on the validation da-
taset, with a complexity penalty proportional to expres-
sion length.

The evolutionary search was terminated once con-
vergence was achieved, i.e., when no significant im-
provement in model accuracy or parsimony was ob-
served.

The best-performing symbolic expressions for CO>
purity and recovery were then independently validated
using the testing subset. These analytical surrogates
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replace the high-fidelity PSA model in the multi-objective
optimisation framework.

The SR models were developed in Python using
the PySRRegressor package (Tonda, 2025) (see:
https://astroautomata.com/PySR/), an open-source li-
brary for SR that combines genetic programming with
simulated annealing for evolutionary search. The algo-
rithm was run with random initialisation, and multiple rep-
etitions were performed to ensure convergence to con-
sistent solutions.

DNN model

The same dataset generated by the mechanistic
PSA model was also used to identify the DNN models.
The network architecture was defined using the HYPER-
BAND algorithm (Li et al., 2018) (see:
https://keras.io/keras_tuner/api/tuners/hyperband/),
which efficiently explores the hyperparameter space to
identify near-optimal configurations. The DNNs adopted
a multiple-input single-output (MISO) structure, where
the input layer receives the PSA decision variables tpres,
tads, tHr, taepres, @and tir, and the output layer provides a sin-
gle process indicator, either CO2 purity or CO2 recovery.

The search space considered the number of hidden
layers (ranging from 1 to 5), the nhumber of neurons per
layer (from 50 to 300 in steps of 50), activation functions
(ReLU and tanh), and learning rates (0.0001, 0.001, and
0.01). Each candidate model was trained using the MSE
as the loss function, with the Adam optimiser configured
according to the selected learning rate.

Model training aimed to minimise the MSE between
predicted and target values, while the mean absolute er-
ror (MAE) was also monitored as an auxiliary metric. Each
model was trained for up to 1000 epochs, with early stop-
ping and dropout regularisation applied to prevent over-
fitting and improve generalisation.

After training, the resulting DNN models were vali-
dated on the independent test set to assess predictive
accuracy. The best-performing networks were subse-
quently integrated into the multi-objective optimisation
framework.

Multi-objective optimisation

The optimisation stage aims to identify the operat-
ing conditions that maximise CO2 purity and recovery, as
predicted by the surrogate models. The problem is for-
mulated as a multi-objective optimisation (MOO) task, in
which both objectives are maximised simultaneously
subject to operational constraints. Mathematically, it can
be expressed as:

max Purco,(u, ) (2)
{max Recco,(u, B)

subject to:
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uce [umin! umax] (3)

where u represents the decision variable vector contain-
ing the step durations of the PSA cycle, and B denotes
the surrogate model parameters. The objective functions
are defined as follows:

molesco, out| + molesco, out |LR

depress

(4)

Purcoz =

molesco, sorall + molesco, toral |LR

depress

mOIeSCOZ,out|

ads (5)

ReCCOZ =1- ] 1
mo escoz’in|press + mo escol’in|ads

The multi-objective problem was solved using the
particle swarm optimisation (PSO) algorithm, chosen for
its efficiency in handling nonlinear and nonconvex search
spaces. Each surrogate model, SR, and deep neural net-
work, DNN, was embedded within the optimisation rou-
tine to compute the objective functions at each iteration.
The algorithm simultaneously explores the trade-off be-
tween CO:2 purity and recovery, producing a Pareto front
that reflects the optimal balance between these compet-
ing objectives. This formulation enables a direct compar-
ison of the optimisation performance obtained with SR-
and DNN-based surrogates in terms of accuracy,
smoothness, and convergence behaviour.

RESULTS AND DISCUSSIONS

The statistical characteristics of the dataset used
for surrogate model identification were first analysed to
verify the independence and coverage of the sampled
operating variables. The correlation heatmap (Figure 3)
indicates weak pairwise correlations among inputs, mini-
mising multicollinearity during training.

Figure 4 displays the LHS generated step durations
for tpres, tdepres, tads, tr, and tur. The plots show patterns
consistent with stratified, quasi-independent draws.
Note that the horizontal axis represents the sample order
of LHS points, evidencing broad coverage of the operat-
ing domain for each step.

The analytical surrogate expressions obtained using
the SR approach for predicting CO: purity and recovery
are presented in Equations 6 and 7. The resulting sym-
bolic forms represent compact yet accurate approxima-
tions of the nonlinear mappings between the process de-
cision variables.

Purcoz

_ sinl( tags + 0.058

. 1 ) .
sind | ——5—— | + sin(t ecos(0.609))
3 depres
L (Cos(tdepres)

]I (6)
|
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Figure 3. Correlation heatmap for the input variables of
the surrogate models.

Both SR-derived equations capture the nonlinear
dependence of CO:2 purity and recovery on the durations
of the adsorption (tass) and depressurisation (taepres)
steps. Their explicit analytical structure facilitates low-
complexity surrogate representation suitable for direct
embedding into optimisation routines.

The DNN developed for predicting CO2 purity used
a fully connected feedforward architecture with five input
features and four hidden layers, employing the ReLU ac-
tivation function. The hidden layers comprised 300, 200,
50, and 200 neurons, respectively, followed by a single
linear output neuron. This configuration resulted in 82451
trainable parameters. The model was trained using the
Adam optimiser with a learning rate of 0.001 and MSE as
the loss function.

Similarly, the DNN model designed for COz recovery
employed the same input structure and RelLU-activated
hidden layers, but with a more compact topology. The
network consisted of two hidden layers containing 300
and 100 neurons, respectively, also followed by a single
linear output neuron. The total number of trainable pa-
rameters in this configuration was 32001. This model was
also trained with the Adam optimiser at a learning rate of
0.001, ensuring consistent training dynamics and conver-
gence across both networks.
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Figure 4. Sampled PSA Step Durations Generated by
LHS.

Figure 5 compares the parity plots for the two sur-
rogate modelling approaches used to predict CO2 purity
and recovery. Subfigures 5a and 5b correspond to the
SR-based models, while subfigures 5c¢ and 5d refer to the
DNN surrogates. In all cases, the predicted values
exhibit a good agreement with the reference data. The
mechanistic PSA model has the points tightly distributed
along the identity line. A slightly better predictive perfor-
mance is observed for the DNN models, which exhibit
lower dispersion and greater alignment along the diago-
nal, reflecting their enhanced capacity to capture com-
plex nonlinear relationships.

Table 1 summarises the prediction errors obtained
for both surrogate modelling strategies. The metrics con-
sidered were the MSE and MAE, both computed in the
denormalised domain for direct physical interpretation.
The DNN models outperform the SR surrogates in predic-
tive accuracy, with MSE values one to two orders of mag-
nitude lower. Nevertheless, the symbolic regression
models also demonstrate satisfactory performance,
achieving low error rates and accurately reproducing the
PSA system's main nonlinear trends.

The multi-objective optimisation procedure was
carried out using the PSO algorithm, configured with a
swarm of 100 particles and 100 iterations. Both surro-
gate-based frameworks (SR and DNN models) were

2238



1.0

o
@

=
o

0.4 -

CO; purity (predicted)

=
ha

=
o
o)

04 06 08

CO; purity (test)

0.0 0.2 1.0

1.0

= =] =
I~ m m
™

CO;z recavery (predicted)

=
[

7
V4
7’
¥

0
0.0

0

02 04 06 08
CQO; recovery (test)

1.0
c)

b) and DNN (c, d) surrogate models.

Figure 5. Parity plots comparing predicted and reference values for CO2 purity and recovery obtained with SR (a,

1.0
= 0.81
Jub]
2
.
=
@ 0.6
=
= ’
T a4l ’
S04 p
(=3 ,/
™
- /
“ 02 il
’
s
/
0.0 T r :
0.0 0.2 0.4 0.6 0.8 1.0
b) CO> purity (test)
1.0
T 0.8-
L
=
]
e
3 06 1 . 'I
& ’
@ ’
204 ik
& 7
i ’
4 /s
o ] ’
G 02 ’
’
z
’
0.0 £ . . ;
0.0 0.2 0.4 0.6 0.8 1.0
d) C'0; recovery (test)

employed in the optimisation problem defined in Section
2. Additionally, the optimisation results were compared
with those obtained using the mechanistic PSA model,
which was optimised under the same conditions but with
50 particles and 50 iterations. The decision variable val-
ues corresponding to the Pareto-optimal points from
each surrogate model were further evaluated in the
mechanistic simulator to verify the consistency and
physical plausibility of the predicted solutions. The re-
sulting Pareto fronts, illustrated in Figure 6, display the
trade-off between CO: purity and CO- recovery for each
modelling strategy.

Table 1: Final MSE and MAE values for the test dataset
obtained with the SR and DNN surrogate models.
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Model Variable MSE MAE

SR CO: purity 5.0x 10 4.33x1073
SR CO2 recovery 59x10°% 4.03x103
DNN CO2 purity 1.24x10% 5.70x10*%
DNN COz recovery 5.22x107 5.11x10*

The optimisation using the SR surrogate produced a
Pareto front containing 4345 optimal solutions, while the
DNN surrogate yielded 508 points. Despite both optimi-
sations using the same number of particles and itera-
tions, the SR-based approach produced a denser, more
diverse Pareto front, indicating superior exploration of
the solution space compared to the DNN model.

This is attributed to the continuous and differentia-
ble nature of the analytical expressions derived via SR,
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which induces a smoother optimisation landscape, facili-
tating uniform exploration of the trade-off region by the
PSO algorithm. In contrast, DNN surrogates may intro-
duce local irregularities and discontinuities due to nonlin-
ear activation functions such as ReLU, causing the swarm
to concentrate on fewer regions of the Pareto front and
resulting in a sparser front.

® Pareto front by SR
® Prediciton of PSA MM
Pareto front by PSA MM

CO2 Recovery / (%)
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30 40 a0 60
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a) Pareto front by SR surrogate
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b) Pareto front by DNN surrogate.
Figure 6. Comparison of Pareto fronts obtained with SR
and DNN surrogates against the PSA MM.

Figure 7 presents the cumulative optimisation time
per iteration obtained for both surrogate-based optimi-
sation frameworks. Each curve represents the total com-
putation time accumulated across all particles up to a
given PSO iteration. The SR-based optimisation required
a total of 38.6 s to complete the 100 iterations, whereas
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the DNN-based framework required 1331.5 s under the
same conditions.

These results highlight a substantial difference in
computational efficiency: the SR approach was approxi-
mately 34.5 times faster than the DNN model. This per-
formance gap arises mainly from the analytical nature of
the SR surrogates, which allow direct function evalua-
tions without the matrix operations and backpropagation
overhead inherent to neural networks. Consequently, SR
models enable a much faster exploration of the search
space while maintaining sufficient predictive accuracy for
the multiobjective optimisation task.

——SR surrogate —=—DNN surrogate

0.15 T

01

o e S e e e
0O 20 40 60 80 100
lteration
Figure 7. Average computational cost per iteration of
optimisation using surrogate SR and DNN models.

Average time per iteration / [s]

CONCLUSION

This study demonstrated that SR can serve as an ef-
ficient surrogate modelling strategy for optimising PSA
processes. Compared to DNN, the SR-based framework
achieved faster convergence and produced a more di-
verse Pareto front while maintaining good predictive ac-
curacy. These findings highlight the potential of SR as a
computationally lightweight alternative for data-driven
optimisation of cyclic adsorption systems, offering a bal-
ance between robustness, and efficiency.
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