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ABSTRACT

In 2023, the International Council for Harmonisation (ICH) guideline for the development, imple-
mentation, and lifecycle management of pharmaceutical continuous manufacturing (PCM), was
implemented in Europe. It promotes quality-by-design (QbD) and quality by control (QbC) strate-
gies as well as the appropriate use of mathematical modelling. This development urges a harmo-
nizing understanding across academia and industry for adoption of interpretable models instead
of black-box models for advanced control strategies such as model predictive control (MPC), es-
pecially when applied in Good Manufacturing Practice (GMP) regulated areas. To this end, we first
propose a comprehensive model development using Dynamic Mode Decomposition with Control
(DMDc)to represent complex dynamics in a lower-dimensional space, disambiguating between
underlying dynamics and actuation effects. Using data from a digital twin of PCM, our model
demonstrates low computational complexity while effectively capturing nonlinear dynamics with
significant improvements observed in the performance metrics. Additionally, we demonstrate en-
hanced uncertainty propagation performance when compared to state-space models obtained
with N4SID and Sparse Identification of Nonlinear Dynamical systems with control algorithms. Fi-
nally, we develop a closed-loop workflow that seamlessly connects data exchanges between Py-
thon (DMDc), GAMS (MPC optimisation) & gPROMS to evaluate the controller performance with
setpoint tracking and disturbance rejection studies achieving high accuracy in real-time monitor-
ing and control of granule size. This study offers a novel, interpretable control strategy for PCM.
The results demonstrate the potential for real-time release testing, reduced reliance on end-prod-
uct testing, and improved process control in the pharmaceutical industry.
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INTRODUCTION

For pharmaceutical continuous manufacturing
(PCM)applications, model predictive control (MPC) was
first used in 2010 [1] to control a continuous roller com-
paction process comparing a PID, linear MPC (DMC), and
nonlinear MPC. The nonlinear MPC showed better perfor-
mance, but it was found not practical due to the high
computational cost whereas the linear MPC could track
the set point change and reject the disturbances of roll
speed and in the inlet bulk density. Obregdn et al. (2013)
addressed the control of a fluidized bed dryer (FBD)
https://doi.org/10.69997/sct.192802
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using MPC alongside inline near-infrared (NIR) moisture
sensors while maintaining optimal moisture content, min-
imizing energy consumption, and adhering to physical
constraints such as air flow and temperature limits [2].
They showcased MPC’s advantages in achieving the de-
sired set points faster and more efficiently than tradi-
tional control methods. However, the model required ad-
justments when operating conditions deviate from the
original fitting parameters showing inability to generalize
to unseen data. The application of MPC for controlling
blending units in continuous pharmaceutical manufactur-
ing has also been investigated [3]. The authors described
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the use of the System Identification Tool in MATLAB to
develop the blending model, focusing on outlet mass flow
and holdup as key outputs. The linear MPC incorporated
constraints on blender speed and mass flow to enhance
process performance. Although it demonstrated superior
control capabilities compared to conventional methods,
it was considered disadvantageous for systems with high
sampling frequencies. Additionally, they indicated that
measuring the outlet mass flow to estimate the states of
the blender model may not be feasible in a continuous
production line. A novel control concept utilizing MPC
with a local linear model tree (LOLIMOT) algorithm for
hopper levels in the tablet press was developed previ-
ously [4]. Recently, a hybrid model integrating mechanis-
tic and machine learning approaches to optimize a con-
tinuous dry granulation process with MPC was developed
[5]. Artificial Neural Networks (ANN) and Nonlinear Model
Predictive Control (NMPC) showed effectiveness in man-
aging the granulation process.

The implementation and assessment of MPC strat-
egies, tailored for a holistic plant-wide control framework
in continuous pharmaceutical manufacturing, have been
proposed [6]. This work was conducted at the Novartis-
MIT Center for Continuous Manufacturing. Two distinct
MPC designs were proposed, employing different mod-
eling approaches: subspace identification and lineariza-
tion of nonlinear differential-algebraic equations. These
approaches resulted in low-dimensional and high-dimen-
sional state-space models, respectively. The simulation
results demonstrated that the plant-wide MPC effec-
tively regulates critical quality attributes (CQAs) while ac-
commodating various uncertainties, including fluctua-
tions in reaction kinetics and disturbances in filtration unit
efficiency. Additionally, the approach incorporated qual-
ity-by-design principles by integrating input and output
constraints, ensuring that the process remains compliant
with regulatory requirements. The findings demonstrated
that the MPC framework not only improves operational
efficiency but also ensures consistent product quality.

While some applications of MPC for pharmaceutical
continuous manufacturing have been reported, barriers
to the adoption of this advanced process control exist
[7]. Celikovic et al. (2020) identified two challenges in im-
plementing MPC algorithms: i) handling potentially high
computational burden to solve the control problem fast
enough within the small sampling intervals and, ii) having
the reliable process analytical technology (PAT) equip-
ment for real-time monitoring of CQAs [3]. An implemen-
tation issue arises that when nonlinear models are used,
this leads to non-convex optimization problems with mul-
tiple local optima, which requires much more computa-
tional power and offers no guarantees for global optimal-
ity and stability of the solution.

Given that MPC is employed to regulate a dynamic
process system whilst considering constraints that can
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include operational limits on the controlled variables and
rate-of-change limits on the manipulated variables, un-
doubtedly a key part on adopting this control strategy is
mathematical modelling. As an alternative to computa-
tionally demanding mechanistic models, reduced Order
Models (ROMs) offer an entirely data-driven means to
represent reliable yet computationally intensive models
in a lower-dimensional space. ROMs representations can
be deduced with several system identification tech-
niques, many of them based on a form of dynamic regres-
sion that fits models based on input- output data. These
techniques have been examined since the 1950s and
some examples include autoregressive moving average
with exogenous inputs (ARMAX) models, Multivariable
Output- Error State Space (MOESP), Observer Kalman
Identification (OKID), Sparse identification of nonlinear
dynamics (SINDy) and Dynamic Mode Decomposition
with Control (DMDc) [8]. Particularly, DMDc has been in-
creasingly recognized for its ability to systematically un-
cover simplified relationships within intricate systems op-
erating using discrete-time snapshots of the states and
corresponding control inputs of the system to extract the
underlying effect of both on the system dynamics.

Our approach differs from previous surrogate mod-
els for two reasons. First, the interpretability in our frame-
work comes from the algorithmic or mathematical trans-
parency of how a dynamic model is obtained with Dy-
namic Mode Decomposition with control which avoids
the black-box nature of data-driven techniques found in
the literature such as LoLiMoT, ARMA or neural network
models. Second, to enhance interpretability, the re-
duced-order model is formulated as a simple linear dis-
crete-time state-space equation, for which we also quan-
tify its uncertainty propagation performance.

METHODOLOGY

Data-driven model identification with DMDc

Dynamic mode decomposition with control (DMDc)
was introduced in 2016 [8] as a modal decomposition
technique that extracts dynamically relevant spatial
structures and whose goal is to disambiguate between
the underlying dynamics and the effects of actuation.

Since the mathematical foundations of DMDc lie on
the assumption that the next state of a dynamic system
y: € R™is determined from a function of the current state
Y¢+—1 € R™ and current input u,_, € R?, a dynamic system
can be then approximated by a linear state-space model
described in equation (1) for n observed snapshots,
where A € R™" s the system matrix and B € R™? s the
control matrix.

yeMP¢ = Ay + Bup_y (M

wherey, € R",u;,_4 € RP, A€ R™" and B € R™P
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We tested the performance of DMDc to identify
a model, as part of an offline stage of our proposed
framework (Fig. 1), to predict four granule size
distribution quantiles D5, D10, D50, and D90 for a twin-
screw granulation process with three control variables
Avicel (AFR), binder (BFR), and lactose flow rates (LFR).
Data was collected from simulations using a gPROMS
FormulatedProducts® 2023.2.1 process model flowsheet
of integrated TSG and fluidized bed drying which was
customized for the GEA ConsiGma™-25 Continuous
Tableting Line CTL, at the Diamond Pilot Plant (DiPP) of
the University of Sheffield. The TSG consists of a feeding
section for powder transport and a working section for
mixing powder with granulation liquid. Dry powders and
granulation liquid are delivered via loss-in-weight dosing
units. Wet granules are transferred to a six-segment
fluidized bed dryer, where they are dried sequentially and
discharged for further processing, enabling continuous
operation until tableting is complete. For the full details
of the process flowsheet, we refer the interested reader
to [9].

Duration of the simulations was 3000s, with 1 da-
taset for training and 3 datasets for validation, varying
randomly the powder (lactose and Avicel) and binder
(water) flowrates. Noise was added to all data imposing
periodical disturbances on the flowrates with a frequency
1 min-1and a minimum/maximum deviation of 5% directly
in gPROMS. For the uncertainty quantification study,
1000s extra were sampled for the training dataset.

Alternative system identification methods were
used to compare the performance of DMDc. First, a
state-space equation is obtained with a data-driven
method called Sparse Identification of Nonlinear Dynam-
ical systems with control (SINDyc), which regresses the
coefficients for a nonlinear ordinary differential equation

[10]. Second, the N4SID tool for Multivariable Output Er-
ror State Space (MOESP) from the MATLAB system iden-
tification toolbox [11] was employed.

Uncertainty quantification for state-space
models

After identifying A and B matrices for the DMDc,
SINDyc and MOESP models, the covariance matrix of
the process noise and posterior covariance, as detailed
in Digital Supplementary Material, was calculated for
each model following:

1= %Z?:z (Yt - Ayt—l - Eut—l)T ( e — Ayt—l - But—l) (2)

V[yesalV, 4,B,5,] = Bl AS, (A)" +
Yt AlBS, BT (A1)" (3)
For simplicity, £, was assumed to be a diagonal ma-
trix containing the standard deviations of each compo-
nent (independent of the others) of the control input vec-
tor used for the training dataset.

Then, 95% confidence interval (Cl) are calculated
as:

Cl =y +1.96 - diag(V[y.Y,4,B,5.]) (4)
The numerical criteria include the predictive root of
mean squared error (RMSE) and the average length of the

95% predictive intervals (L(95%)):

N

n+nx*

te=n+1 (}A}jt* _yjt*)z) (5)

L(95%) = —— ¥, TR length{CL; ¢+ (95%)})  (6)

RMSE = (¥,

where ¥;(x;.) is the prediction of the output for state j and
length {CI; (95%)} denotes the length of the 95% predic-
tive interval.
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Figure 1. Proposed framework for a model predictive control (MPC) with a DMDc model
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Closed-loop data-driven control framework

The DMDc model developed offline was integrated
into a linear model predictive control in an online stage
(Fig. 1), coded in General Algebraic Modelling System
(GAMS®) using the solver Gurobi 11.02, in a closed-loop
manner. A prediction horizon of 30 seconds and a control
horizon of 10 seconds were empirically tuned to balance
control performance and computational efficiency.

Every control period of 1 second, a customized
gPROMS FormulatedProducts® flowsheet sent data em-
ploying gO:Python, which used the model as an estimator
to predict future states of the system. These predicted
outputs were sent to the optimizer using GAMSPYy to find
optimal control inputs in real time by solving an optimiza-
tion problem with an average computation time of 0.034
+ 0.01s that minimized the error between predicted and
desired setpoints. At each time step (1s), the optimization
was repeated, updating the control sequence over the
control horizon and applying the first control action to the
system using gO:Python + GAMSPy. The interaction be-
tween the process, estimator, and optimizer ensured that
the system operates efficiently, maintaining stability and
optimizing performance in response to changing process
conditions.

Setpoint tracking and disturbance studies were
conducted, to evaluate the MPC, introducing white
Gaussian noise on the states with 1% standard deviation.
Stepwise changes of the granule size references were in-
troduced at certain times, and the solid/liquid feed rate
control moves were analyzed.

Three types of disturbance scenarios were explored
separately: binder flow rate disturbance, lactose flow
rate disturbance, and Avicel flow rate disturbance. To
conduct this study, each disturbance simulation, was ap-
plied as two manual step changes using gO:Python of ei-
ther +10% or +20% of the flowrate at 40 seconds and ei-
ther -10% or -20% of the flowrate at 80 seconds. The ob-
jective was to assess the controller’s ability to detect, re-
spond, and adjust control actions to maintain the desired
reference values.

RESULTS AND DISCUSSION

Model comparison

The model obtained for DMDc in Python, MOESP in
Matlab and SINDyc in Python has the form of a discrete-
time first-order state-space equation where matrix A was
the system matrix and determined how state variables
change over time and B was the control matrix which de-
termines how the system inputs affected the state
change.

The model performance can be visualized in Fig. 2
where the DMDc model demonstrates enhanced accu-
racy and performance when dealing with unseen values
(validation phase) even when working with noisy data.
Zambrano et al. / LAPSE:2025.0567
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The deteriorated performance for MOESP can be related
to its algorithmic complexity and overfitting trend and for
SINDyc because of elimination of coefficients of the A
matrix in the ROM that described, for example, the effect
of D90 on D10 state, as detailed in Digital Supplementary
Material.
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The eigenvalues of the generated system state
space models are shown in Table 1. Following conven-
tional control theory, the DMDc eigenvalues provide sta-
bility guarantee on the model performance.

Table 1: Eigenvalues of ROMs.

Method Description

DMDc [0.63; 0.99 ; 099; 0.97]

SINDyc [0.6 —0.13i;0.6 + 0.13i; 0.9;1.0005]
MOESP [0.3+ 0.2i; 0.3—0.2i; 0.99; 0.97]

Regarding the uncertainty study, as displayed in Ta-
ble 2, DMDc was found to be the most accurate method
because it had a small predictive error quantified by
RMSE and shorter average length of 95% predictive in-
terval, also shown in Fig. 3.

High RMSE and wide confidence intervals for
SINDyc and MOESP methods suggest that these models
are more sensitive to noise and could be overfitting or
underfitting the data, with very large uncertainty.

3001 — simulation data Testing CI (DMDc)
Training Prediction (DMDc) ~ —— Testing Prediction (SINDYc)
Training Prediction (SINDYc) Testing CI (SINDYc)
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Figure 3. Uncertainty measurement for D50 for a
prediction of 1000 steps by DMDc (blue), SINDYc
(orange) and MATLAB (green) after 3000s for training.
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The 95% predictive intervals per each model are
envisaged as shaded areas.

Table 2: Uncertainty quantification

1000-steps test

RMSE L(95%)
DMDc 6.18 57.85
SINDyc 13.29 424.66
MOESP(MATLAB) 57.17 1548.82
2000-steps test

RMSE L(95%)
DMDc 6.89 58.98
SINDyc 16.08 717.86
MOESP(MATLAB) 66.95 1981.83

Closed-loop MPC performance

As shown in Suppl. Table 1, the selected prediction
and control horizons provided the best trade-off for a
control interval of 1s. As we can see in Suppl. Fig. 1, the
setpoint for the controlled variable D50 is better reach
with strategy H3 and longer horizons (PH = 100s, CH =
20s) led to over-tuning, as evidenced by increased peaks
in the Avicel flowrate and higher CPU times.”

The choice of a 1-second control interval was justi-
fied by the granulation process dynamics, which require
frequent adjustments to maintain stability because it is
known the binder concentration control is extremely im-
portant to maintain a desired oversized fraction of gran-
ules for lactose/Avicel-based formulations, also devia-
tions in powder mass flow rate which might occur during
volumetric feeding must be considered [12]. Neverthe-
less, less frequent sampling rates can be facilitated.

Zambrano et al. / LAPSE:2025.0567
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For the closed-loop evaluation, performance moni-
toring methods were used to assess how effectively the
control system follows setpoint changes. Fig. 4 confirms
the MPC’s capability to track the reference by adjusting
the input flow rates (D50 shown as an example)

Furthermore, the controller’s ability to handle intro-
duced disturbances was analyzed, especially because
regulatory-level process control loops are commonly
used in plants to respond to variations in binder flow
rates.

In all cases, the disturbances were well rejected, as
shown in Suppl. Figs. 2-4. The interested reader can refer
to Digital Supplementary Material for other graphs. The
most interesting aspect revealed is that introducing dis-
turbances to the Avicel flowrate does not affect the other
manipulated variables (MVs). In contrast, disturbances
applied to either the lactose or binder flowrates affect
both. In all cases, the manipulated flow rates stabilize af-
ter a short transient period.

CONCLUSION

This study highlights the effectiveness of DMDc as
an explainable machine learning method for CM. The
DMDc-MPC system not only maintained desired process
conditions and granule size but also demonstrated supe-
rior performance in uncertainty analysis, outperforming
other data-driven models. This approach enhances
transparency, reliability, and regulatory acceptance, po-
tentially accelerating the adoption of predictive models in
pharmaceutical manufacturing. Future work in our group
is focusing on exploring the application of DMDc to more
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complex unit operations that exhibit highly nonlinear dy-
namics. This will allow us to further explore potential lim-
itations of the proposed method and fuel further devel-
opments.

DIGITAL SUPPLEMENTARY MATERIAL

Digital materials can be found with this

LAPSE:2025.0010.
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