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ABSTRACT

Simulated Moving Bed (SMB) chromatography is widely used for a variety of separations, yet,
when applicable, these systems are typically operated using offline optimization strategies. Over
time, process degradation and unforeseen disturbances may cause SMB units to deviate from the
calculated optimal conditions, reducing overall performance. Real-Time Optimization (RTO) offers
a promising solution by continuously monitoring and adjusting operating conditions to maintain
optimal performance, despite such perturbations. However, experimental implementation of RTO
in industrial SMB processes is costly and requires significant interdisciplinary coordination.To ad-
dress this challenge, a virtual framework is proposed for the preliminary development of a model-
based RTO system. The methodology employs a virtual plant-model pair, in which a representative
plant model generates in silico experimental data, while a structurally distinct predictive model
reproduces these results. Structural mismatch was intentionally introduced to mimic real-world
differences between a plant and its mathematical model, and measurement noise was added to
enhance realism. Within this methodology, the in silico experiments were successfully generated
and the parameters of the predictive model were then estimated using a Particle Swarm Optimi-
zation algorithm that sought to minimize the residuals between the in silico experimental data and
the predictive model outputs. The parameters were successfully estimated, allowing the predictive
model to closely reproduce the behavior of a structurally distinct plant model without introducing
additional complications, which is expected to be analogous to a real-scenario RTO system.
Hence, this work establishes a critical step towards the foundation of a virtual RTO framework.
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INTRODUCTION

Enantiomers have a critical role within the pharma-
ceutical industry, with current estimates indicating that
more than half of all marketed drugs are administered as
single enantiomer formulations [1]. It is also important to
note that the use of racemic mixtures has been repeat-
edly associated with adverse, often severe, physiological
effects [2]. Consequently, the isolation and production of
enantiomerically pure compounds have become essential
to ensure both the safety and therapeutic efficacy of chi-
ral pharmaceuticals. Among the strategies available to
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obtain pure enantiomers, the separation of racemic mix-
tures has emerged as a practical and extensively investi-
gated approach [3]. Of the various techniques employed
for this purpose, chromatographic methods, in particular
Simulated Moving Bed (SMB) chromatography, are of
significant interest in this study due to their operational
flexibility and cost-effectiveness.

Simulated Moving Bed

SMB chromatography relies on the interaction be-
tween two continuous countercurrent phases: a
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Figure 1. Diagram of the FlexSMB-LSRE®. Adapted from [4]

stationary solid phase, packed within a series of chroma-
tographic columns and a mobile phase, typically a liquid
or gas. Figure 1 displays the SMB unit studied in this work,
the FlexSMB-LSRE® [4]. The interaction between phases
enables the separation of adsorbates within the mobile
phase. This separation is governed by the distinct affini-
ties of individual components for the solid phase, which
dictates their respective retention times. Therefore, in a
binary system, preferential adsorption of one component
onto the stationary phase subsequently increases its re-
tention time, leading to the formation of three character-
istic regions: two zones enriched in the individual com-
ponents and an intermediate zone in which both species
coexist, typically corresponding to the location of feed
introduction. The extract stream, enriched in the more re-
tained component, is withdrawn from one region, while
the raffinate stream, containing the less retained compo-
nent, is collected from the other. An eluent is introduced
via a second inlet stream to sustain continuous separa-
tion [5, 6].

As can be seen in Figure 1, in an SMB unit, multiple
fixed bed columns are connected in series and operated
to emulate countercurrent contact between the solid and
fluid phases. Although the solid phase remains physically
stationary within the fixed beds, its motion is simulated
by periodically shifting the positions of the inlet and out-
let streams in the direction of the fluid flow at a fixed in-
terval known as the switching time. This cyclic redistri-
bution of streams creates an effective countercurrent
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movement of the solid relative to the mobile phase, ena-
bling continuous separation [7, 8].

In SMB systems, the primary objectives are typically
to maximize productivity and/or minimize eluent con-
sumption while satisfying purity and/or recovery con-
straints. Consequently, optimization plays a vital role in
enhancing process performance [9, 10]. However, con-
ventional optimization approaches are typically con-
ducted in an offline setting, which limits their ability to
accommodate unanticipated disturbances, plant-model
mismatch, or progressive system degradation. As a re-
sult, SMB units may operate under suboptimal conditions
for prolonged periods, leading to reduced efficiency.

Real-Time Optimization

Real-Time Optimization (RTO) systems have
emerged over the past few decades as a promising ap-
proach for mitigating process disturbances and enhanc-
ing operational efficiency by combining mathematical
models with real-time process measurements [11]. As
such, when integrated into a separation equipment, RTO
frameworks may offer means to maintain near-optimal
operating conditions under changing process environ-
ments. Despite this potential, their practical implementa-
tion remains challenging. These systems require repre-
sentative process models for better performance, which
can be particularly difficult to obtain due to the nonlinear
behavior and complexity of the underlying dynamics, and
a reliable model-updating mechanism capable of
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predicting and updating process parameters to compen-
sate plant-model mismatch. Additionally, for cyclic pro-
cesses such as an SMB, RTO strategies often rely on the
system reaching a cyclic steady state, further complicat-
ing and limiting the applicability of these methods [12,
13]. Overall, an RTO system consists of a group of opti-
mization techniques designed to continuously evaluate
and adjust process operating conditions, consequently
enabling the autonomous implementation of business-
oriented decisions aimed at enhancing process efficiency
and performance, while simultaneously ensuring compli-
ance with process and operational restrictions [14, 15].
Within the plant hierarchy, RTO operates as an interme-
diate layer between the business planning, scheduling,
and management systems, and the lower-level process
control systems. As such, RTO considers the information
gathered and decisions made by the company managers,
such as planning, scheduling, transportation, and stock
availability of the raw materials, to assess opportunities
for operational improvement in real time. The resulting
optimal setpoints are then communicated to the control
layer, where they are implemented within the process
[16]. To address the challenges associated with RTO de-
ployment, mentioned before, various RTO strategies
have been proposed and developed over time. Depend-
ing on the specific characteristics of the problem, these
approaches are typically classified into three main cate-
gories: Model-Parameter Adaptation, Modifier Adapta-
tion, and Direct Input Adaptation [12].

This work aims to build a virtual foundation to tackle
these challenges by developing a virtual model pair, with
different mathematical models, to mimic a real model-
based RTO framework where plant-model mismatch and
structural differences are present. This virtual pair, com-
prised of a simpler predictive model and a more complex
representative plant model as a stand-in for the SMB unit,
will enable the study of these limitations and how they
can affect the operation of a real-scenario RTO system
implemented into an SMB. This case study was specifi-
cally designed for the optimal separation of a racemic
mixture of ketoprofen enantiomers, using SMB chroma-
tography. To help build the structure of the model pair,
particularly for the predictive model, a Particle Swarm
Optimization (PSO) technique was also employed.

Particle Swarm Optimization

The Particle Swarm Optimization (PSO) algorithm,
introduced by Kennedy and Eberhart in 1995, was origi-
nally developed for the optimization of continuous non-
linear functions. Drawing inspiration from swarm intelli-
gence, evolutionary computation, and genetic algo-
rithms, PSO produces a population of candidate solu-
tions, usually referred to as particles, that explore the
search space by iteratively updating their positions
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based on both individual experiences and the collective
knowledge of the swarm [17]. Since its inception, numer-
ous modifications and enhancements have been pro-
posed to improve the convergence speed, solution qual-
ity, and robustness of the original PSO algorithm. Despite
the variety of PSO variants, all algorithms share a com-
mon underlying procedure. Initially, particles are distrib-
uted throughout the design space, either randomly or
pseudo-randomly, to enable a controlled and compre-
hensive exploration of the problem’s topology. Particle
movement is governed by velocity vectors, which are up-
dated based on each particle’s own best-known position
and the best-known position of the whole swarm. As par-
ticles traverse the search space and discover improved
solutions, these newly identified best positions influence
subsequent updates, dynamically guiding the swarm's
exploration. Through this iterative process, the swarm
progressively converges toward promising regions of the
search space, facilitating the identification of near-opti-
mal solutions for the optimization problem at hand [18].

By employing this methodology in the present study,
the predictive model of the virtual pair is able to more ac-
curately replicate the behavior of the representative
plant model. This improvement is achieved by using Par-
ticle Swarm Optimization (PSO) to systematically mini-
mize the residuals between the model’s predicted out-
puts and the observed data, resulting in a closer and
more reliable match between the two.

To summarize, the novelty of this work lies in the
creation of this virtual plant-model pair, which provides a
controlled environment to systematically study and un-
derstand the effects of plant-model discrepancies,
providing a stepping stone toward robust RTO design.
Obtaining favorable results within this study provides
valuable insight into the possibility of employing similar
mathematical models, with plant-model mismatch rela-
tive to the plant, for an analogous real-scenario RTO.

METHODOLOGY

Firstly, the mathematical model for an SMB unit must
be built. This was accomplished by adapting an existing,
experimentally validated gPROMS model into a MATLAB
framework. Although straightforward, the implementa-
tion required the use of different approaches, due to fun-
damental differences between the gPROMS and MATLAB
programming environments, each of which offers distinct
advantages and limitations. Upon completing the
MATLAB implementation, the model was further vali-
dated against two literature-reported case studies to en-
sure robust and reliable performance [19, 20].

As a subsequent step, the original MATLAB model
was transformed into a virtual model pair, consisting of a
simplified predictive model and a more detailed repre-
sentative model that serves as a stand-in for the plant in
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a typical RTO scenario, as mentioned before. While both
models share a similar structural foundation, having been
derived from the same original MATLAB model, structural
differences were purposely inserted to reflect the dis-
crepancies commonly observed between model and
plant in practical RTO implementations.

Simulated Moving Bed Models

Both models are dictated by a set of simplifying as-
sumptions. In this section, the differences between the
developed mathematical models will be displayed. For
the fixed bed columns within the SMB unit, the system
was considered isothermal, with a constant mobile phase
velocity, typical for diluted mixtures, and no interactions
between solutes. The gel particles were considered
spherical and uniform, and the fluid phase was modeled
as exhibiting plug flow with axial dispersion. With these
assumptions, the mass balance for the fluid phase is as
follows:

For the predictive model:

ac; 92C; 9C; (1 - &) g )

ot Puen T We T e, At
where the parameter D,, refers to the axial dispersion co-
efficient, u; is the interstitial fluid velocity, ¢, is the fixed
bed porosity, C; is the concentration of componentiin the
fluid phase and g; is the average adsorbed concentration
of enantiomer i. For the representative model, the mass
balance for the fluid phase is instead:

o _ , &G oG
9t ™ dzz Tz
2)
(1-¢) 3 — (
- R—pkL(Ci - Gpy)

where R, is the radius of the adsorbent particle, CE is the
average concentration of component i in the particle
pores, and k; is a lumped parameter, defined by:

11, 1 ,
k- kR ek (3)

in which kp is the mass transfer coefficient in the film,
while k, is the mass transfer coefficient in the pores and
g, is the particle porosity.

For the mass balance in the particles, slight differ-
ences also appear within the models. In the predictive
model, this mass balance is described by the linear driv-
ing force (LDF) equation:

% = kppri(@i — @) (4)
in which q; is the adsorbed concentration in equilibrium
with the fluid phase concentration of component i, while

kipr; is the mass transfer coefficient. In the
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representative model, a more complex mass balance that
utilizes the aforementioned lumped parameter k; is used:
oG Tl _
&+ (1- ) R_3p k(Ci— G (5)
Lastly, the equilibrium relation between the liquid
and solid phases can be represented by any chosen iso-
therm equation.

a = f(C) ()
Or, for the representative model:

@i = f(Gy) 7)

Five different equations were considered and devel-
oped to be implemented into the SMB mathematical
models. These were Linear, Langmuir, Bi-Langmuir,
Langmuir + Linear and Bi-Langmuir + Linear. To account
for material transport between columns and across in-
let/outlet ports, where no separation occurs, transfer
lines were introduced into the SMB model, in which plug-
flow behavior is assumed. Therefore, this approach also
physically accounts for the system’s dead volumes.

The model equations were solved using MATLAB®
intrinsic functions, including ode45f and pdepe, with spe-
cific adaptations performed as needed. A spatial discreti-
zation of 40 intervals was employed for the adsorption
columns, while 10 intervals were used to discretize the
dead volumes elements. Temporal discretization was
performed using 100 time intervals.

Virtual Plant-Model Structure -
Representative Model

To generate the in silico experiments, the repre-
sentative model is utilized. In this particular study, the
Linear + Langmuir isotherm was chosen. The model is ex-
ecuted from a primary MATLAB script that defines the
operating conditions for each experiment using a Latin
Hypercube Sampling (LHS) strategy, ensuring a space-
filling exploration of the selected input domain. In this
study, the desirable operating variables to be sampled in-
clude the feed flowrate, Qp, the eluent flowrate, Qp, the
extract flowrate, Qy, the raffinate flowrate, Qg, the recy-
cling flowrate, Qy,, and the switching time, t,. However,
correct operation of the SMB unit requires that several
restrictions on the operating conditions have to be
strictly satisfied. The first among these is the global mass
balance, as described in Equation (20). Compliance with
this constraint is essential for physically meaningful op-
eration. Therefore, only three operating conditions
should be sampled, while the remaining one is computed
implicitly to satisfy the overall mass balance. Additionally,
for a successful SMB operation, the flowrate hierarchy
shown in the following inequality must be satisfied:
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Qp > Qx > Qg > Qp (8)

Finally, physical constraints must also be consid-
ered. In particular, the pumps used in the FlexSMB-
LSRE® system have a maximum capacity of 50 cm3/min
[4], so, none of the inlet flow rates should exceed this
limit. In practice, additional margin is typically maintained
for safety, and prior studies and experiments indicate
that the operating flow rates remain well below this max-
imum. Therefore, the following upper bounds were im-
posed:

QF,max = QD,max = QIV,max =20 cm*min™* (9)

Imposing these constraints requires additional mod-
ifications to the sampled operating conditions set. Alt-
hough LHS is not inherently designed to generate feasi-
ble values for dependent variables under strict inequality
and mass-balance restrictions, it still offers important ad-
vantages as a sampling strategy, and its limitations can
be mitigated. In particular, a rejection-based brute-force
method can be introduced into the LHS procedure, such
that candidate operating conditions are accepted only if
all constraints are satisfied, otherwise, they are dis-
carded and resampled. However, because the probability
of pseudo-randomly generated samples meeting all con-
straints may be low, this approach can lead to excessive
and unnecessary computational effort. For this reason,
the sampling procedure was modified to increase the
probability of generating feasible operating conditions as
much as possible.

To improve efficiency and ensure compliance with
the constraints, the desired operating conditions were
generated using a sequential approach rather than di-
rectly from LHS. First, the lowest flowrate, the feed
flowrate, Qp, was sampled, as well as two increments.
The sum of Qy with the first increment I, would dictate
the extract flowrate, Qx, while the sum of this flowrate
with the second increment I, would yield the eluent
flowrate Qp. The raffinate flowrate would be obtained
through the global mass balance compliance. Both the
flow rates and the increments were constrained by the
maximum flow rate imposed by (28). In addition, a new
restriction was introduced, the sum of the flowrate and
the increments could not exceed the maximum allowed
flowrate. This procedure ensures that all operating con-
straints are satisfied. The recycling flowrate and the
switching time operating conditions were sampled di-
rectly through LHS. Therefore:

Ooc,us = [Qr> 11,1, Quy, ] (10)
with all the remaining operating conditions being
generated afterwards.

Under these constraints and boundaries,
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preliminary tests reveal that the LHS technique has an
approximate probability of 17% of providing adequate op-
erating conditions that ensure a correct SMB operation.
Given the high efficiency of LHS in producing samples,
this brute-force approach does not pose a significant
computational burden within the overall methodology,
and this likelihood value was deemed satisfactory.

Once the operating conditions were defined, these
were employed in the representative mathematical model
to generate in silico experiments. From these simulations,
the history of the concentrations in the extract and raffi-
nate streams were recorded and archived for subsequent
use by the predictive model. To better mimic realistic
plant operation and sensor limitations, measurement
noise was introduced into the simulated outputs. Finally,
the operating conditions and relevant metadata for each
experiment were stored to facilitate the operation of the
virtual model pair.

Virtual Plant-Model Structure — Predictive
model

The predictive model, which has the goal of repli-
cating the representative model behavior, is embedded
within a PSO framework. The PSO algorithm minimizes
the residuals between the outputs of the predictive
model and the data generated by the representative
model, by modifying the parameter values present in the
predictive mathematical model. This is achieved by de-
veloping an appropriate objective function and then em-
ploying an adequate number of PSO particles and itera-
tions. Each particle represents a complete set of in silico
experiments, including their associated metadata, with
the objective of identifying a set of parameter values that
accurately predicts all of the representative model's out-
puts. The chosen parameters to be included in the esti-
mated set, considering the option of using a Linear +
Langmuir isotherm, are:

ep = [kLDF,isDax,csKis Q, bl] (11)

with i denoting the species, hence, i = A,B in a binary
mixture, and ¢ pertaining to the column number, so, ¢ =
1,2,...,6. This means the PSO technique will estimate 13
parameters.

To create a sufficiently autonomous environment, it
is necessary to implement fail-safes to address the pos-
sibility of simulation error or other computational issues.
Given the structural differences between the virtual and
representative models, the same operating conditions
can produce different results, making two limitations par-
ticularly critical: the possibility of non-convergence, and
excessively long computation times due to convergence.
To address the first obstacle, the solution was to intro-
duce a variable within the mathematical model that indi-
cates convergence status. If the variable changes to a
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state of non-convergence, a predefined objective func-
tion value is assigned, and the simulation is terminated
prematurely. For the second challenge, a parallel timer
was implemented using MATLAB's Parallel Computing
Toolbox, allowing the simulation to be interrupted once a
predefined maximum runtime is reached. If the simulation
still does not finish after this time limit, the same prede-
fined objective function value is assigned, ensuring ro-
bust and fully automated operation.

When simulations are successful, the objective
function values are obtained by using a modified Mean
Square Error (MSE) function:

Nexp
J(8)= 2, MSE (12)
J
1 N
MSE = ﬁ Z(yprf?dictive,t - yrepresentative,t)2 (13)
t

in which j is the experiment number from a maxi-
mum of N, experiments and N is the amount of time in-
stances where the residuals were determined. With this
process, it may be possible to demonstrate that struc-
tural differences between the predictive and representa-
tive models, analogous to those encountered in RTO sys-
tems with a real unit and its mathematical model, do not
prevent the successful operation of the framework.

RESULTS

First, in silico experiments were generated through
the methodology described in the last section. The sim-
ulations were executed on a computer equipped with 32
GB of RAM and an Intel® Core™ i9-9900K CPU @ 3.60
GHz with eight processing cores. By taking advantage of
MATLAB's Parallel Computing Toolbox, which allows one
simulation to be executed per CPU core, eight experi-
ments were generated in parallel, one per available core.

The operating conditions sampled by LHS for each
experiment are presented in the Supplementary Material.
The data yielded by the in silico experiments were
properly archived and manipulated for an appropriate use
by the virtual model and PSO framework. The total com-
putational time required to generate all the in silico ex-
periments was 190 seconds. Notably, since parallel com-
puting was used, some experiments took more computa-
tional effort than others.

Before executing the PSO algorithm, a benchmark
value was obtained as a means to measure the evolution
of the objective function. As this separation process per-
tains to the separation of a racemic mixture of keto-
profen, parameters from literature were used to generate
this benchmark value [20]. These parameters were intro-
duced in the virtual model, and the alignment of the data
was evaluated for each experiment, yielding a value of
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0.3041 for the objective function value. It is important to
note that these values were obtained comparing output
average cyclic concentrations.

The PSO was then executed with 10 particles
throughout 25 iterations. The set of parameters that best
adjusted against the eight in silico experiments’ data-
points are presented in Table 1.

Table 1: Set of parameter values generated by the PSO
for the predictive model that best describe the plant
model behavior.

Parameters Value
Kyppa / min~! 0.690
kiprp / min™! 0.303
Dy, / cm?min™! 0.032
D, | cm*min™! 0.069
D, 3 | cm*min™! 0.100
D4 | c®min™ 0.021
D, s/ cm*min™! 0.073
D¢/ cm*min~! 0.050
K,/ - 0.885
K/ — 0.916
Q/mgem™3 8.037
b, / cm®mg! 0.021
by / cm3mg™! 0.042

Syst Control Trans 5:1950-1957 (2026)

By employing these parameters in the virtual model,
the alignment between the virtual model pair yielded a
value of 0.0336, lower than the benchmark set, show-
casing improvement originated by the developed meth-
odology. Another aspect that reveals extreme im-
portance within this work is computational time, since an
RTO framework needs to operate quickly to accompany
the unit’'s changes in behavior in real time. To operate this
PSO algorithm, as described before, all 250 simulations
took approximately 37000 seconds, which is equivalent
to 10.5 hours. Although this value is not appropriate for
an in-line optimization framework, it is expected that dur-
ing the operation of the RTO, less simulations will be em-
ployed, reducing the computational effort needed and,
consequently, the operation time.

A revised simulation study comprising 16 distinct
experiments, 2 per CPU core, was conducted using a
PSO algorithm configured with 15 particles and 25
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iterations, with the aim of evaluating the reproducibility
and robustness of the proposed methodology. Addition-
ally, the feasibility of reducing the number of discretiza-
tion intervals as a strategy to decrease computational
time without compromising result accuracy was investi-
gated. To this end, the adsorption columns were discre-
tized into 20 spatial intervals, while the dead volume ele-
ments were represented using 5 intervals. The corre-
sponding operating conditions are provided in the Sup-
porting Information. The estimated parameters obtained
from this analysis are presented in Table 2.

Table 2: Set of parameter values generated by the PSO
for the predictive model that best describe the plant
model behavior, for 16 in silico experiments.

Parameters Value

kyppa / min™! 0.300
Kyppp | min! 0.300
D,/ cm*min! 0.096
D,/ cm*min™! 0.100
D, 3/ cm*min™! 0.017
D4/ cm*min™! 0.080
D5/ cm*min™! 0.089
Dy, / cm*min™! 0.021
K,/ - 1.000
Ky/ - 1.328
Q/mgem™3 9.632
b, / cm’mg™! 0.060
by / cm3mg! 0.040

In this case, the objective function values were com-
puted using all available output stream data points, in-
stead of only calculating residuals with average cyclic
compositions, enabling a direct comparison between
methodologies during the development of the virtual RTO
framework. The best objective function value obtained
using the PSO algorithm was 11.84, representing a signif-
icant improvement over the reference value of 24.27 cal-
culated for the reference parameters. The total compu-
tational time required for this estimation was 15870 sec-
onds, equivalent to 4.4 hours. These results indicate that
the proposed methodology is readily reproducible and
capable of delivering satisfactory optimization perfor-
mance, even when reduced spatial discretization
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intervals are employed. This conclusion, together with
the previously stated assumption regarding the reduced
scale of the PSO inserted into the virtual RTO, is another
guarantee that computational effort and operation time
will not present a detrimental issue in later studies.

With these results, it is possible to observe that the
virtual model pair test provides favorable information re-
garding the structure distinctions between the plant and
the mathematical model. Since in this case study these
differences were not detrimental, the same can still be
expected from an analogous real-scenario RTO + SMB
system.

CONCLUSIONS

This work presented a virtual-model pair that virtu-
ally represents the intricacies of the predictive elements
of a real RTO framework. The goal of this work pertained
to explore the possibility of a virtual predictive model pre-
dicting the behavior of representative model simulations,
denoted as in silico experiments, much like what happens
in the predictive structure of acommon RTO system. With
the proposed methodology, eight different in silico ex-
periments were correctly executed, each one with its
own operating conditions. Under a PSO algorithm, pa-
rameters were generated that enable the virtual model to
accurately predict the behavior of the representative
model, even though structural differences were present
between mathematical models. Similar conclusions were
drawn from the study involving 16 experiments, with the
additional finding that reducing spatial discretization in-
tervals significantly decreases computational effort with-
out compromising optimization performance.

For future work, an uncertainty evaluation is
deemed necessary as the first next step. Moreover, the
creation of a more robust estimation methodology is pro-
posed, with more diverse operating conditions and with
the ability of exploring other adsorption isotherm struc-
tures, while maintaining the fast simulation times, essen-
tial for an adequate operation of an RTO framework.

DIGITAL SUPPLEMENTARY MATERIAL

The tables for the Operating Conditions of each set of
experiments can be seen in the document:
https://PSEcommunity.org/LAPSE:2026.0031.
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