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ABSTRACT

The pharmaceutical and specialty chemical industries are challenged with the requirement of
faster time-to-process to meet market demands. Here, Modular Plants made up of predesigned
process equipment assemblies (PEAs) are advantageous. Moreover, equipment-based Digital
Twins of these modules can further reduce the time-to-process when combined with methods
such as Quality by Design (QbD) and model-based design of experiments (MBDoE) to reduce un-
certainty. This paper presents a lab scale-based workflow using an equipment-based Digital Twin,
which applies QbD and MbDoE methods to identify the Design Space in the lab scale which can
be transferred to production scale equipment as part of a Digital Twin based workflow for scale-

up in Modular Plants.
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MOTIVATION

In the specialty chemical and pharmaceutical indus-
tries, faster time-to-process is a significant measure of
success. Here the use of predesigned modules according
to VDI 2776 [1] are advantageous. Additional benefit can
be derived by creating equipment-based Digital Twins of
these modular process equipment assemblies which can
be combined with multiple product descriptions. This
further supports and expedites the process development
phase in multipurpose plants by providing Digital Twin
supported prior knowledge of equipment capabilities
with multiple product descriptions. In addition to these
Digital Twins, another method to support faster time-to-
process is reducing experimental efforts in the process
development phase using model-based methods. Here,
Digital Twin workflows which incorporate methods such
as Quality by Design (QbD), Global System Analysis,
model-based design of experiments (MBDoE), and the
identification of the Design Space as well as leveraging
prior knowledge of the equipment capabilities can be uti-
lized to reduce the experimental load [2]. Prior
knowledge of equipment capabilities and limits is sup-
plied by the Digital Twin and is used to pre-screen
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combinations of Critical Process Parameters (CPP), Crit-
ical Material Attributes (CMA), and model parameters to
identify suitable parameter combinations for inclusion in
the MBDoE optimization problem [3].

In this paper, the relevant methodology and back-
ground is presented. Then, a Digital Twin workflow in the
using a Capability Model of a Digital Twin of the lab scale
equipment is introduced, explained, and applied using
the process simulation tool gPROMS® for the specific ex-
ample of an esterification process in a stirred tank reactor
module. The use case highlights the benefits of combin-
ing these methodologies such as improved reduced ex-
perimental effort compared to traditional DoE and in-
creased knowledge of Critical Process Parameters. We
conclude this work with a critical evaluation of the applied
methods and an outlook to future work.

METHODOLOGY

Digital Twins in Modular Plants

Modular Plants (MPs) are defined in the VDI 2776 [1]
and VDI 2658 [4] set of specifications and consist of
Functional Equipment Assemblies (FEAs) grouped into
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reusable and adaptable Process Equipment Assemblies
(PEAs). The functional capabilities of the PEAs are de-
scribed by services, which can be orchestrated into rec-
ipes in the process orchestration layer (POL)[5].

For the context of this paper, a Digital Twin is de-
fined as a semantically linked collection of digital artifacts
[6]. These digital artifacts can be organized into partial
models following a Product-Process-Resource-Model
[7]. For Modular Plants, the Digital Twin is created from
knowledge that is shared between PEA manufacturers
and owner/ operator (O/O). The PEA manufacturer
knowledge is a Capability Model describing the equip-
ment capabilities independent of the product. The
owner/operator knowledge is a Transformation Model,
which is equipment independent and product specific.
The Digital Twin combines these two models to form an
Operation Model, which is used for recipes and process
optimization. Similar separation-of-concern approaches
are discussed in the domain of discrete manufacturing
with a focus on standardized description of tasks and
skills of machinery, e.g. [8], [9], [10]. For this purpose of
this work, the Digital Twin is an equipment-based Digital
Twin of a PEA which should be understood as a well char-
acterized Capability Model that can be flexibly combined
with a Transformation Model and uncertainties of a new
product.

Quality by Design

The Quality by Design (QbD) methodology is out-
lined in the ICH Q8 - 10. The QbD methodology combines
different scientific methods such as Design Space iden-
tification, design of experiments, and risk management
with the result of guaranteed product quality [11]. The
two most relevant sub-concepts in QbD methodology are
statistical DoE and the Design Space (DS). Statistical DoE

is used to identity which experiments must be run to col-
lect data required to describe the Knowledge Space.
From the Knowledge Space, the Design Space can be
identified. The Design Space describes the relationship
between Critical Process Parameters (CPPs) and Critical
Material Attributes (CMAs) which are inputs to a process
and the acceptable ranges of Critical Quality Attributes
(CQASs) of the product.

Model-based Design of Experiments

As an alternative to statistical design of experi-
ments, Model-based Design of Experiments (MBDOE) is a
methodology which integrates differential and algebraic
equation (DAE) type models and Design of Experiments
(DoE). Here, the goal is to select the experiment variables
with the highest sensitivities to the model parameters,
yielding improved information from experiments [12],
[13]. Prior knowledge (model structure from the Capabil-
ity Model and initial parameter estimates from the Trans-
formation Model) are used to design an experiment [14].
The result is quick identification of optimum process con-
ditions based on the Critical Process Parameters for ex-
periments, this aims to reduce experimental load as the
information obtained from experiments increases. This is
advantageous in process development workflows where
time-to-process is critical and with additional benefit of
supporting situations where experiment budget is limited.

Digital Twin Workflow

The application of QbD and MBDoE methodologies
into smart PEAs to reduce uncertainty in the process
qualification phase has been explored by [3], [15] . The
workflow presented in Figure 1 extends the workflow
from [15] and is intended for scale-up based on a Digital
Twin as shown in [2], [16]. This work focuses on the pre-
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Figure 1: Digital Twin based workflow using the equipment-based Digital Twin in the lab scale with input from product
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screening using Global System Analysis, MBDoE, and
identification of the Design Space in the lab scale using a
Digital Twin of a PEA. This Digital Twin in this work com-
bines a Capability Model [7] of the PEA with a Transfor-
mation Model of the product yielding an Operation Model.
In the workflow in Figure 1, first Critical Quality Attributes
are identified based on a product specification provided
by product development. Then the Digital Twin of the lab
scale is utilized. Using this Operation Model of the lab
scale equipment, first Global System Analysis and vari-
ance-based sensitivities are used identify Critical Pro-
cess Parameters and Critical Material Attributes based on
the identified Critical Quality Attributes from the product
specification. Critical model parameters for the MBDoE
optimization problem are also identified.

Next, model-based design of experiments combines
the prior knowledge of the CPPs from the Capability
Model to identify the ideal set of process conditions to
yield the maximum amount of information from experi-
ments. The model parameters can be divided according
to the PPR model [7], where the product specific param-
eters (i.e. activation energy, k., heat of reaction) are de-
scribed by the Transformation Model and resource spe-
cific parameters (i.e. heat transfer coefficients, mixing
time) are described by the Capability Model. Here, it is
assumed that the uncertainty regarding the Transfor-
mation Model is significantly higher than model parame-
ters which are described by the Capability Model, which
has been characterized and validated from characteriza-
tion experiments and previous processes run in the
equipment. Following the MBDoE, experiments are run,
and the experimental data is used to improve the param-
eter estimates in the model. These improved parameter
estimates are then implemented into the model and vali-
dated with experimental data which has not been used
for the parameter estimation. If the predictive capabilities
of the model are sufficiently accurate based on the vali-
dation data, the model can be used to define the
Knowledge Space. The final step of the workflow in Fig-
ure 1in the lab scale is to use the CQAs to identify the
Design Space from the Knowledge Space. Based on the
identified Design Space, the relevant model parameters
and uncertainty from the Transformation Model are
transferred from the Operation Model of the lab reactor
to the Capability Model of the production equipment. This
yields an Operation Model of the production equipment
which is then used to characterize the Knowledge Space
and subsequently identify the Design Space in the pro-
duction scale.

CASE STUDY

Application Example

To illustrate the methods of the workflow presented
in Figure 1, an esterification reaction in a 2 L stirrer tank
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reactor was selected. The butyl acetate synthesis [17] is
a homogeneously catalysed reaction. The catalyst in this
example is sulfuric acid. The CQA for the product speci-
fication is the concentration Cpyty; gcetate = 0.5 mol/L Of
the target product butyl acetate the outlet of the reactor.

butanol + acetic acid < butyl acetate + water (1)

The kinetic behavior of the process can be described
with the following set of equations:

T = Csuifuric acid (k1 * Chutanot * Cacetic acia —

(2)

key * Cbutyl acetate * Cwater)

Keq =ki/k; (3)

—E,;
ki= kio exp( R;:l) (4)

To mimic the real conditions in process develop-
ment, initial estimates for the kinetic parameters and un-
certainties was estimated by fitting real experimental
data from [17] to Arrhenius’ law given by Equation 4.

] L?

Ea1=36281 ——; Ky =315 ———

E,, = —478.34 J ik =1.6E75 L
Az Y mol’ TFC T

min - mol?

Figure 2. Modular plant configuration for butyl acetate
synthesis.

Figure 2 provides an overview of the modular
configuration which is used to carry out the esterification
process. Here, three different modules are used:

= MO8 is a doubling dosing module which is used to
store and supply the reactants to the reactor
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= M22isa 2L stirred tank reactor which is used to of the estimated model parameters in the Transformation
carry out the reaction Model 874 has on the predictive capabilities of the Digital
Twin, a Global System Analysis is carried out with respect
to ucpp the described by the resources model and ucy,
described by the product model. The parameter screen-
We can describe our system with the following set ing uses the GSA tool in gPROMS®, which combines a
of variables: Monte-Carlo-Simulation and Sensitivity analysis based
on variance-based indices. The result of the pre-screen-
ing is a series of scatter plots that serve two purposes:
* ucwma describes independent inputs related to CMAs (1) identify relationships between CPPs u.pp and CMAs
ucya and model parameters 04y and (2) identify relation-
ship between model parameters 04, and the CQAs. A se-
» ucer describes independent inputs related to CPPs lection of two GSA scatter plots is shown in Figure 3. The
effects of model parameter from the Transformation
Model 6ry(E,;) and CPP from the resource model
ucpp(Tyy) are shown. Here, it is evident that the esti-
mated value of model parameter of the activation energy
of the forward reaction E4 ; has a significant influence on
the target CQA, while the CPP of the temperature of the
heating medium Ty,, does not have a clear effect.

» MO3is a thermostat module used to supply mono
ethylene glycol to the M22 reactor jacket.

= x describes the state of the system at time (t)

o Purity of the reactants (Xsciq.1, Xaiconor,2)

o Reactor temperature (T) controlled by the
Temperature of the heating medium Ty,
with the Service Tempering

o Feed ratio of reactants (r;conon Tucia) CON-
trolled by the Dosing Services

o Mixing speed ng;;-err cOntrolled by the Stir-
ring Service

Orv describes the parameter values related to the MBDoE Problem
Transformation Model of the product: To describe the Knowledge Space prior knowledge
from the equipment capabilities from the PEA manufac-
turer is combined with initial parameter estimates pro-
vided by the owner/operator. These initial parameter es-
8cw describes the parameters contained in the timates can be obtained with short cut models or group
Capability Model of the PEA: contribution estimation methods. This yields a Digital
Twin built from combined knowledge of a characterized
equipment model with less characterized product model.

Using this behavior model of the Digital Twin,
MBDoE methods [14] are applied for parameter estima-
tion and for model discrimination.

yi = m(uy, Oy) +€; (5)

o Activation energy (Es1,Ex2)
o Pre-exponential factor (kyr 1, king2)

o Heat transfer coefficient (kp)

In the system described by the variable set, the sig-
nificant uncertainty in the model is the Transformation
Model parameters (8y) as outlined in the methodology.

To better understand the effect that the uncertainty
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Figure 3: Influence of the Transformation Model parameter of Activation Energy 6y (Es;) on the CQA
(Coutyt acetate) (l€ft). Influence of the CPP of temperature of the heating medium ucpp (Tyy) ON the the CQA
(Cbutyl acetate) (right).
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Here, y; are the measurements (concentration sam-
ples), m is the DAE model, 87, is the set of model param-
eters to be optimized (E, 1, k1. ), u; are the control vari-
ables based on the service specification and parameter-
ization of the module which can be manipulated in the
optimization problem. For the MBDoE optimization prob-
lem, the experimental budget was determined to be six
experiments: five for model-based experiments and one
for model validation. The data collected during these ex-
periments is used to estimate parameters in the Trans-
formation Model 8w including uncertainty estimates, ap-
plying e.g., the maximum likelihood method [14].

Identification of the Design Space from the
Knowledge Space

Once the model has been revised with the parame-
ter estimates from the experiment data. The design spec
can be identified. To describe the Knowledge Space a
system of nonlinear algebraic equations (NAEs) based on
the previously described set of variables is proposed:

0 = h(x, ucma, Ucpp, O1m, Ocm) (6)

To identify the Knowledge Space, prior knowledge
is required. The prior knowledge of CPPs is based on the
resource model, specifically the operational limits of the
model and the service specification described by the Ca-
pability Model of the Digital Twin. Then, the model ac-
cording to Equation (1) is revised with the improved esti-
mates of the model parameters. To identification of the
Design Space from a Knowledge Space described in
Equation (6), an Extended Flexibility Analysis approach
such as described by [18] and illustrated in [3], [15] is ap-
plied. In the Flexibility Analysis, the range of the CQAs are
described by the feasibility function

g;(x, ucma, ucpp, 01\, Ocm) < 0 (7)

An example of the Knowledge Space according to
Equation 6 as well as the identification of the Design
Space from the Knowledge Space as part of the flexibility
analysis applying Equation 7 is shown in Figure 4.

DISCUSSION

The Digital Twin workflow based on the Capability
Model of the lab scale equipment presented in the meth-
odology and illustrated using the application example of
the esterification process shows how application of
MBDoE methods reduces the required number of experi-
ments required to estimate new parameter values to im-
prove the prediction accuracy of the lab scale model. In
the example here, an experimental budget of six experi-
ments was selected, whereas statistical plans to describe
the Knowledge Space require a minimum of nine or more
experiments. Although real experimental data was used
to generate initial estimates for the model parameters,
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the experimental data for the MbDoE optimization prob-
lem was simulated using models based on the real equip-
ment geometry and capabilities. The incorporation of real
experimental data into MBDoE step of the workflow
would strength the results of the use case. However, the
benefit of the workflow is still illustrated by the presented
results. Moreover, metrics based on heuristics are
needed to compare the results of this method both in
terms of time saved as well as information gained.
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Figure 4. Identification of the Knowledge Space (top),
identification of the Design Space from the Knowledge
Space based on the CQA criteria from the product model
(bottom).

CONCLUSION AND OUTLOOK

This paper presented a Digital Twin based workflow
using a Capability Model of a lab scale PEA incorporating
MBDoE and QbD methodology for simultaneously in-
creasing information about the Knowledge Space and re-
sulting Design Space, while using model-based methods
to reduce experimental load in the process development
phase resulting in a faster time-to process. In a next step,
the workflow should be illustrated using real experi-
mental data. Future work will also focus on the specific
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challenges in scaling-up between dimensions as well as
the benefits of scale-up in Modular Plants where the ad-
vantages of process intensification can be retained. A
specific challenge is to integrate the identified parameter
values from Transformation Model along with uncertainty
factors into the Capability Model of the production scale
equipment. These Capability Models are for equipment
that is functionally similar, but of different scales and dif-
ferent PEA Manufacturers.
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