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ABSTRACT

The application of Real-time Optimization (RTO) to dynamic operations is challenging due to the
complexity of the nonlinear problems involved, making it difficult to achieve robust solutions. The
literature on RTO in Pressure Swing Adsorption (PSA) units relies on Model Predictive Control
(MPC) and Economic Model Predictive Control (EMPC), which rely heavily on an accurate model
representation of the industrial plant. Given the importance of PSA systems on multiple separation
operations, establishing alternatives for control and optimization in real-time is in order. With that
in mind, this work aimed to explore alternative model-free RTO techniques that depend on simple
control elements, as is the case of Extremum Seeking Control (ESC).The chosen case study was
Syngas Upgrading. Extremum Seeking Control successfully optimized the CO2 productivity in PSA
units for syngas upgrading/H: purification. The results demonstrate that ESC can be a valuable
tool in optimizing and controlling PSA processes and does not require the unit to reach a Cyclic
Steady State to adjust the operation.
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Strategies

INTRODUCTION

The optimization of industrial plant operations is
known for its complex nature. More often than not, the
models employed in simple optimization are not repre-
sentative of the plant to be optimized, leading to inaccu-
rate optimization procedures. In the last 30 years, Real-
time Optimization (RTO) has emerged to overcome some
of optimization’s weak points when applied to the indus-
try by ensuring a better representation of the plant and
continuous optimization to improve process performance
autonomously [1, 2].

The fact that some operations have an inherent Dy-
namic nature still poses a challenge in a robust RTO ap-
plication for most cases, although some alternatives have
emerged [3]. Nevertheless, cyclic adsorption processes
such as Pressure Swing Adsorption (PSA) and Tempera-
ture Swing Adsorption (TSA) never reach a traditional
steady state; only a cyclic steady state (CSS) where
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identical dynamic behavior is obtained for consecutive
cycles [4]. Control of the process in real time is essential
to maintain or increase productivity. Disturbances can be
critical if they prompt a CSS alteration, leading to ex-
tended periods of suboptimal operation. Furthermore,
since the productivity of these processes is deeply inter-
twined with external conditions subject to frequent fluc-
tuations, updating the process to fit those changes is
crucial to ensure maximum profit [5].

There are very few works in the literature that con-
template the exploration of this field. In the case of PSA,
the most common technique is Model Predictive Control
(MPC). In the literature, it is possible to find MPC applica-
tions for PSA units for hydrogen recovery [6, 7] or syngas
production [8-10], amongst others. These applications
usually manipulate the durations of cycle steps to opti-
mize the purity, recovery and/or the productivity ob-
tained for the desired products within the different cases.

Nevertheless, the real-time optimization of PSA

1257


https://doi.org/10.69997/sct.195447
mailto:up201707213@fe.up.pt

units remains an underdeveloped subject in the literature
with a notorious absence of alternative strategies to MPC
and EMPC.

In other processes, several other RTO techniques
have been employed [11]. A method that stands out when
one wants to have some independence from the need to
model the process is Extremum Seeking Control (ESC).

ESC is a method based on the constant perturbation
of the system’s input that analyses the response of the
plant to determine the input that leads to the optimum of
a given objective function and ensures the control of the
plant. First proposed by Leblanc in 1922, ESC’s essence
has also been applied under different names such as ex-
tremum seeking regulator, optimizing control system,
and hill-climbing systems [12, 13]. However, the ESC
lacked a design analysis and stability proofs that were
more recently developed by Luxat and Lees [14] and
Krsti¢ and Wang [15].

ESC has been applied to different contexts. Proba-
bly the most popular example of an ESC application is the
Anti-lock Braking System (ABS). It was first approached
by Drakunov et al. [16], in which the maximal value of the
tire friction force is to be reached during emergency
braking without prior knowledge of the optimal slip.

Looking more specifically at the chemical engineer-
ing field, the range of applications is broad, such as jet
mixing technologies to maximize the decay rate and the
mixing performance [17] or redox wastewater treatments
to guarantee that the discharged water meets the speci-
fications of Chemical Oxygen Demand [18].

Nevertheless, to the best of the authors’ knowledge,
using ESC in Cyclic Adsorption Processes remains an un-
explored field in literature. Therefore, this work's primary
goal is to explore the applicability of Extremum Seeking
Control as a possible methodology for the real-time opti-
mization and control of PSA units.

METHODS

This work implemented ESC in a virtual syngas puri-
fication PSA unit. Syngas purification was chosen by its
relevance in providing syngas to Fischer-Tropsch pro-
cesses, known for representing an alternative path to fuel
production [19]. Besides that, the same infrastructure can
be adapted to provide H2 for ammonia production and di-
minish the resulting CO2 emission [20].

PSA Model

The phenomenological model used in the simula-
tions, together with descriptions of the experimental in-
stallation and mode of operation of the PSA unit can be
found in the work of Regufe et al. [21].

In this case study, the goal was to maximize the CO:
productivity (Equation 1). The integral limits are here de-
fined by the beginning (t;) and ending (tf) of the cycle
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steps where CO:is be obtained (blowdown and purge)
and consumed (rinse). This objective function also takes
into consideration the cross-section area of the bed
(Apeq), the mass of dry adsorbent (my;y 445), the total du-
ration of the PSA cycle (t.yq.), the superficial gas velocity
(up) and the CO2 concentration (C¢p,). The manipulated
variable was the duration of the feed step (tf..q) thatim-
pacts t.yq. and the amount of CO: fed in the stream to
be purified.

CO, Productivity (molco,kg=h™") =

t

Abed tf fpurge

: ft- blow Ccozuolzzo dt + ft‘ Ccozuolzzo dt —
cycleMdry ads iblow ipurge

ftf”'”“ Cco,Uolz=0 dt) (M

irinse

The motive for choosing this objective function was
its capability of reaching a well-defined optimal value
without the need to impose constraints to the process, as
would be necessary for other objective functions.

Extremum seeking control
The basic diagram for ESC is presented in Figure 1.

S
A

a sin(wt)
Figure 1: Extremum Seeking Control block diagram for
Single-Input Single-Output problems.

In the diagram, the previously presented model will
represent the plant and will be used to calculate the ob-
jective function value y that one aims to optimize and
control. A High-pass Filter (HF) and a Low-pass Filter (LF)
clear the signal from the DC component and high-fre-
quency noise, respectively, to get a clearer response to
the changes affecting the system.

The signal of the input variable u is constantly per-
turbed by a sinusoidal wave that assists in evaluating the
evolution of the objective function by putting the system
in constant disruption. By multiplying the filtered value of
y by the sinusoidal wave in a demodulation process, the
true effect of the sinusoidal change in the manipulated
variable u on the response signal can be retrieved. Later,
the demodulated and filtered signal will be integrated,
providing the signal shift necessary to impose on the ma-
nipulated variable so that the objective function gets
closer to the optimum, often affected by a gain K to ac-
celerate the convergency.
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The low-pass filter was not included in the work
here presented since the model output was considered
noise-free, hence its washed-out color in Figure 1.

Three different case studies were used to test the
ESC applicability in PSA operations, as displayed in Table
1. In case 1, the tr..4 only changes after 10 cycles of op-
eration, the estimated amount for the process to reach
the CSS. In cases 2 and 3, that update is made after each
PSA cycle when the plant is in a transient state.

To ensure a similar starting point, a head start of 9
cycles was given before the first iteration in case 2, so
that the optimization of both case 1 and case 2 was
started after 10 PSA cycles. This ensures that the initiali-
zation of the unit does not lead to misguided results since
the productivity is naturally lower in the first few cycles
of operation. To verify the importance of these initiation
cycles, case 3 was performed using the same ESC pa-
rameters as case 2 but with the optimization starting in
cycle number 1.

Table 1: Tuning parameters and initialization procedure
for three simulations of ESC of the CO; productivity with
the manipulation of te.q.

Parameter Case1 Case2 Case3

a 1 1 1

1) 20 20 20

K 25000 25000 25000

Wp 15 15 15

Number of PSA cy- 10 1 1
cles per sample

Initial treeq (S) 300 300 300

Initialization - Yes No

Computational resources

The phenomenological model was implemented in
gPROMS Model Builder 7.0.7. Due to the communication
protocols established between gPROMS and MATLAB,
Simulink was the software chosen to run the optimization
and control simulations. The MATLAB version used in the
simulation results presented in this article was R2023b
(23.2.02365128) 64-bit for Windows.

The solver used was a fixed-step method automat-
ically chosen by Simulink, with a step size of 0.04 s (con-
sidered the sampling time) for an overall simulation time
of 10 s. This means that Simulink operates for 250 sam-
ples. In each sample, an ESC cycle like the one in Figure 1
is executed. In the PSA model block, the simulation con-
tinues until the number of cycles assigned for each case
in Table 1is performed in that sample. It is also important
to notice that the simulation time is inherent to the Sim-
ulink simulation and does not correlate to any real time
measure in this case.

The option of a variable-step method was set aside
because the perturbation imposed on the system was
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regular and cyclic. Furthermore, each sampling corre-
sponds with one gPROMS communication after a given
number of cycles. If one chose a variable-step method,
the system would be out-of-phase since the number of
cycles sampled would remain the same, independently of
the time-step being 0.01s or1s.

For the simulations presented in this work, the ode3
solver was chosen by the software.

As for hardware resources, the simulations were run
on a computer with 128 GB of RAM and an AMD Ryzen 9
5950X 16-Core @ 3.40 GHz processor.

RESULTS

Figures 2, 3, and 4 display the change in feed time
obtained and its effect on CO2 productivity as a function
of the simulation time for cases 1, 2 and 3, respectively.

The objective function was considered stabilized in
the optimum after 6 s of simulation time for cases 1 and
2 (corresponding to 150 samples). From 6 s to the end of
simulation, tg..q Only increases 2 seconds with no visible
alteration in the productivity of CO: for both cases.

Three different metrics were used to evaluate the
different strategies studied. Their values are presented
in Table 2.

Table 2. Evaluation metrics for the three case studies. (*=
before the crash)

Case1 Case2 Case3
CPU time /s 7 857 816 113
Number of PSA cycles 1510 160 18*
until optimal operation
Time until the optimal 4473.4 33.2 4.6*

operation /h

Syst Control Trans 4:1257-1262 (2025)

The CPU time relates to the computational effort re-
quired for the entire run in Simulink in each case. This
metric accounts for the time spent in the PSA unit simu-
lation in gPROMS and the effort to determine the new
treea in €ach ESC iteration. T

The number of PSA cycles until optimal operation
aims to compare the number of PSA cycles required to
reach stability in each case. In case 2, this value also con-
siders the cycles used during the initialization procedure.

The time until optimal operation is the cumulative
sum of the cycle’s duration until stability is reached. It is
calculated by Equation 2.

Time until the optimal operation (h) =
Y159[Number of PSA cycles per sample (treeq; + trinse +

tblow + tpurge)] (2)

Where tyise, tpiow, aNd tyy,ge are the duration of the
rinse, blowdown and purge steps, respectively, and
treea,i 1S the input value for tg..4 for sample i.
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Figure 2. ESC action on time of feed value and effect on
the productivity of CO: for case 1.

As can be seen by the comparison between case 1
and case 2, there was no downside in operating the op-
timization in a transient state and not waiting for the plant
to stabilize in a CSS operation before collecting data on
the current value of the productivity. However, case 3
clearly demonstrates the relevance of letting the unit run
a few cycles before initiating the ESC optimization.

Furthermore, it can also be observed that waiting for
the CSS occurrence only delays convergence to the op-
timum because, although the first iterations achieve
higher productivity faster in case 1, the stabilization oc-
curs nearly at the same simulation time for cases 1 and 2,
with equal productivity and t¢..q4 values achieved.
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Figure 3. ESC action on time of feed value and effect on
the productivity of CO2 for case 2.

Therefore, considering the number of PSA cycles
and the time until optimal operation, the transient appli-
cation with initialization is far more advantageous than a
cyclic steady-state one. One can even say that the time
frame for case 1 is unrealistic since it approaches the 6
months operation for a single objective optimization. The
dynamic evaluation reduces that time to a little over a
day.

Regarding computational time, it is important to
mention that a considerable amount of time is dedicated
to the model simulation mechanisms between gPROMS
and MATLAB. Despite that, case 2 presented a running
time of 13.6 minutes that is not prohibitive.

As can also be perceived from Figures 2 and 3, ESC
allows for smooth alteration of the manipulated variables,
which can be considered an advantage of this technique,
and can be employed in PSA units with encouraging
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results. However, this is only the case if the unit has been
properly initialized before the ESC application or if one
waits for the CSS to update the parameters, otherwise
the system tends to the instability, as shown in Figure 4.
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Figure 4. ESC action on time of feed value and effect on
the productivity of CO2 for case 3.

CONCLUSIONS

The main objective of analyzing ESC as an alterna-
tive to the mainstream methodologies in this understud-
ied topic of RTO applied in PSA systems was fulfilled.

ESC has proven itself as a model-free viable tech-
nique for simultaneous control and optimization of PSA
units. It has also been demonstrated that there is no need
to wait for the unit to reach the CSS after each alteration
of the tp.q value if an initialization methodology is
adopted (in this case, the occurrence of a certain number
of PSA cycles before the ESC was activated).
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Following this first approach on the ESC implemen-
tation in PSA units, some key aspects must be considered
in the future work to be developed.

First, this work did not take into consideration the
noise present in measurements that a real PSA unit would
be subjected to. Despite ESC usually having a proper fil-
ter with the goal of filtering such noise (the low pass filter
that was not implemented in this work), its capacity to
actuate in the system in such circumstances must be
evaluated.

In addition, the response to the external disturb-
ances that can affect the process has not been studied
in the scope of this work and remains a key aspect to be
analyzed to further cement the ESC as an alternative to
MPC.

Lastly, for this methodology to reach its full poten-
tial, the coordinated optimization of multiple objectives
and multiple inputs is crucial. Some works in the literature
already cover this topic [22]. However, no references for
its application in cyclic adsorption processes could be
found at this point, reinforcing the importance of the ex-
ploration of such topic.
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