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ABSTRACT

Digital twin technology brings more opportunities and challenges to chemical engineering in both aca-
demic and industry. A complex process could have multiple digitalization needs, including simulation,
monitoring, operator training, etc.; thus, a hierarchical digital twin would be a comprehensive solution to
that. In this study, a novel and general framework of the digital twin is proposed for operations in process
industry. With the hierarchical structure, the framework can handle various tasks driven by different roles
in process industry, including managers, engineers, and operators. To complete these tasks, the framework
consists of three modules: OAS (Operation Analysis System), OMS (Operation Monitoring System), and OTS
(Operator Training System). Each module focuses on one unique type of demand from the staff, as well as
interactions among them enabling efficient data sharing. Based on the hierarchical framework, a digital
twin system is applied for one complex industrial nitration process, which successfully enhances the
operation efficiency and safety in several industrial scenarios with different demands.

© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, Al training, and similar technologies.

1. Introduction

Since first used in NASA's Apollo space program in 2010 [1],
interests in the concept “Digital Twin” have greatly increased
across both academia and industry, accompanied by a growth in
the number of related publications, processes, concepts, and
envisaged benefits [2]. With the introduction of numerous
advanced frameworks and algorithms related to digital twin,
various industrial applications have ensured efficient and safe
production. Undoubtedly, digital twin is becoming a conventional
tool for complex large-scale manufacturing.

The definition of digital twins has evolved over time. NASA
described it as “a simulation of a system to mirror the life of itself”.
Grieves et al. [3] later introduced digital twin as “A complete virtual
description of a physical product that is accurate to both micro and
macro level.” In recent years, despite variations in architecture defi-
nitions, researches on digital twins share the same aim, that is linking
physical object and digital object in an accurate and real-time manner.
It is not a specific technology, but an idea that can be implemented
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with many advanced technologies [4,5]. Through digital twin objects,
a more detailed understanding of the behavior of physical objects is
achieved, enabling various applications using the same digital model.

Across different life phase and based on various purposes,
digital twins have been extensively applied, especially in discrete
manufacturing industries. For instance, in design phase, Liu et al.
[6] introduced a methodology for rapid individualized designing of
the automated flow-shop manufacturing system, and Chinesta
et al. [7] proposed a hybrid method combining data and mecha-
nism. In the manufacturing phase, Sun et al. [8] completed dy-
namic iterative optimization of the process-parameters and real-
time iterative optimization of the assembly-commissioning pro-
cessing through digital twin. In the service phase, digital twin
performed well with dynamic Bayesian network for faults detec-
tion [9]. It is evident that the applications of digital twins have
extended across all phases of production, and a mature digital twin
system can benefit production in various ways.

Though the term “digital twin” is not widely used in process
manufacturing industries as in discrete manufacturing industries,
similar concept attracted lots of attention. Comparing to simulators
in process industry, the idea of digital twin emphasizes on precise
description of physical entity to complete a series of tasks within one
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system. Researchers found that digital twins are capable of
improving the process in real-time monitoring, predictive mainte-
nance, process design, optimization, control, resulting in better ef-
ficiency in production and enhanced safety by facilitating early risk
detection [10]. There are several successful applications. For
instance, He et al. [11] proposed a digital twin for monitoring, di-
agnostics, and control of the chemical process, Wajeh et al. [12]
established a dynamic digital twin system for modeling, advanced
control and estimation techniques for biodiesel production, and
Spatenkaet al. [13] designed digital twin system for catalytic reactors
to complete monitoring, forecasting, and optimization. Besides a
whole digital twin system, some researchers focus on specific
questions that contribute to digital twins. For instance, Yu et al. [14]
proposed a simulation framework to achieve high-fidelity simula-
tion of thermal systems by making full use of online measurements;
Gao et al. [15] offered strategies of hybrid models that integrate
process mechanisms and data-driven approaches to facilitate
implementation of the digital twin; Wei et al. [16] proposed an active
disturbance rejection control strategy for overcoming disturbance,
uncertainties, and strong nonlinear couplings, and Vaccari et al. [17]
proposed a real-time optimization framework for chemical products
in production, storage and sale phase.

Despite numerous impressive cases, a hierarchical digital twin
system for one specific process is still a challenge. Researchers
have offered ingenious strategies for several scenarios, such as
modeling, monitoring and training operators. However, a complex
process may have various demands from different roles in the
industry work. If different digital twin systems are applied inde-
pendently to each problem, it will lead to significant redundancy
in numerical modeling and computation, while also hindering
future extensible development. To avoid incompatible strategies
and redundant data processing in different tasks, it is effective to
serve all the roles in the industry work by one unified process
system. Therefore, an efficient hierarchical digital framework for
processing multiple types of information is essential. The hierar-
chical digital framework would ensure that the same models is
fully reusable while also adapting to the needs of different roles.
Multiple modules collectively form a complete digital twin system,
providing hierarchical digital applications for the process.

In this work, a digital twin system framework for general process
operation is introduced. It consists of three modules, OAS (Operation

Analysis System), OMS (Operation Monitoring System), and OTS
(Operator Training System), handling modeling, monitoring, and
training tasks, respectively. Overall, the three modules together form
a hierarchical system, providing assistance to various groups of staff
within the process industry, and addressing its own issues while
communicating with each other. Section 2 introduces the structure
of the hierarchical digital twin system. Section 3 analysis a complex
nitration process as an example. Case studies associated with this
process will be employed to illustrate the practical implementation
results of individual modules. OAS, OMS and OTS are introduced in
Section 4, 5 and 6, respectively. Section 7 is the conclusion.

2. Hierarchical and Role-Driven Digital Twin System for
Process Operation

A classic digital twin framework for process industry is shown in
Fig. 1. The upper part of the image represents the virtual entity, while
the lower part represents the physical entity. The bidirectional data
flow connects the two, forming a loop. From the perspective of
practical application, three key components of the virtual entity are:
data, model, and software. The red lines (both solid line and dashed
line) in the figure illustrate how the information or commands flow
within the system. In the flow within virtual entity, data and
mechanism are used to create models of the process, and based on
the models, the digital twin software completes description, diag-
nosis, prediction, and decision-making tasks. In the flow across vir-
tual entity and physical entity, the digital twin software generates
instructions and conclusion, which will be applied on physical ob-
jects manually or automatically. After that, the physical entity may
work on new conditions and provide new data for the virtual entity.
An ideal digital twin system can harmonize data, models, and soft-
ware to significantly enhance industrial production efficiency.

As for process operation, the digital twin must adopt a hierar-
chically structured framework to address demands in different phases
from different roles in process industry. A hierarchical framework of
digital twin focusing on general process operation is presented in
Fig. 2. The whole work consists of three modules, the OAS for design
phase, the OMS for runtime phase, and the OTS for service phase. To
show how the digital twin system can benefit the process, the work in
the industry is categorized into three roles: Managers, referring to
those who made decisions for the process and the company;
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Fig. 1. Structure of a typical digital twin system for processes.
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Fig. 2. The structure of hierarchical and role-driven digital twin system.

Engineers, referring to those focusing on the key technology of the
process, such as working conditions, reaction yield and etc.; Operators,
referring to those individuals who manually or semi-automatically
perform chemical operations. Considering that the hierarchical
framework of digital twin is designed to address the various demands
from these roles in one system, it is defined as a “role-driven” digital
twin system. Fig. 2 indicates that the three modules can benefit the
work of the three roles from different perspectives.

1) Operation Analysis System (OAS)

OAS establishes the basic architecture of the digital twin system.
It helps to validate the feasibility and reliability of the process from
a mechanistic perspective. To achieve that, a generalized modeling
platformis necessary. Anidealized analysis system would be able to
provide operational data using various unit models and under any
operating conditions. It helps conduct simulation and optimization
of the process in the design phase. Specifically, OAS can run oper-
ating conditions tests, which provide data for Managers to make
decisions and for Engineers to analyze the process operation.

2) Operation Monitoring System (OMS)

OMS focuses on the monitoring work during the runtime phase.
It establishes dynamic models capable of real-time monitoring of
operating conditions and prediction of key variables in the process.
To ensure the accuracy of dynamic data, a hybrid approach that
combines mechanistic and data-driven modeling is a highly
effective strategy. When the system is able to provide support with

dynamic process information, Managers can use it for production
assessment; Engineers can analyze equipment operation and Op-
erators can obtain operation assistance.

3) Operator Training System (OTS)

OTS is a typical example for tasks in service phase of process
industry. It provides virtual training scenarios for operators to help
them become proficient in handling complex and hazardous pro-
cess operations. The challenge in this module is to accurately
extract key operating condition scenarios, and to provide feedback
and guidance for different operations. For OTS, data interaction
with OAS/OMS is necessary to establish an interactive dynamic
training scenario. OTS can provide statistics data of operators for
managers, operation evaluation for engineers, and operation
training for operators.

Due to the various demands of different roles in the nitration
process, it is a reasonable strategy to address different problems
using different systems and technologies. Each subsystem has a
unique structure to address its specific issues, and a different way
for data interaction with the physical world. In addition, the digital
twin system with three modules forms a clearly layered archi-
tecture. As the basement, OAS clarify digital rules and structure for
variables, models and processes. Based on these rules, the process
is built in a digital way. OMS provides dynamic models for moni-
toring tasks, mining actionable intelligence from historical data.
And OTS makes use of static models and dynamic models to exe-
cutes higher-level tasks atop simulation and monitoring results. In
subsequent sections, OAS, OMS, and OTS will be introduced
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Fig. 3. The structure of a countercurrent nitration process.
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respectively, focusing on a) how the data structure of the subsys-
tem is. b) how each system interacts with real-world data. ¢) how
it interacts with other modules. Several application cases and
practical performance related to the complex nitration process for
different purposes will be presented in the corresponding sections.

3. Challenges and Demands in Complex Chemical Process

As an instance, nitration process is one of the most hazardous
chemical processes, possessing diverse digital analysis needs
across various aspects. Fig. 3 illustrates a complex nitration pro-
cess which consists of seven cascaded nitration reactors in a
countercurrent flow. One reactant, benzene, flows from left to
right; the other reactant, nitric acid, mixed with the catalyst, sul-
furic acid, flows in a reversed direction. Each nitration reactor is
treated as a complex combination of a mixer, a continuous stirred-
tank reactor (CSTR), a plug-flow reactor (PFR) and a decanter, as
illustrated in Fig. 4. Two input streams are from the succeeding and
preceding reactors, respectively; and the stream leaving the PFR is
further separated by a decanter into two output streams flowing to
the succeeding and preceding reactors. Nitration reactors adopt
distinct parameter sets and connection configurations, rendering
each nitration reactor unique within the process.

The continuous and countercurrent flow design significantly in-
tensifies the reaction and increases the yield and productivity.
However, it also poses stringent control requirements for tempera-
ture and composition in each reactor. Under improper operation, it
may explode and cause catastrophic damage. Therefore, thermal
safety is the most important issue in the process operation. In prac-
tice, the process was frequently shut down at disturbances to avoid
further disaster, which brought great inconvenience for the process
operation. To ensure thermal safety and efficiency throughout oper-
ation, industrial practitioners need to manage vast amounts of data

and apply various strategies at different phases of a nitration process.
That is where the digital twin system can play a crucial role.

The digital twin system could benefit the nitration process
through its life cycle. In the design phase, digital twins provide
platform for the digital process. The platform must accommodate
customizable unit models to reflect the inherent variability in
nitration process modeling. These customizable unit models would
be used for simulation and other numerical analysis, such as opti-
mization. In the runtime phase, any subtle variable variation in
nitration processes may critically impact both process safety and
operational efficiency. Thus, precise dynamic models are essential to
monitoring the process, and even predict some key variables to
provide early operation guidance. In the service phase, the digital
process could help train the operators. After taking training courses
in the system, human operators are able to gain a profound under-
standing of the characteristics of the process, master the operation
methods proficiently, and avoid the occurrence of extreme accidents.

4. Module I: Operation Analysis System

As the first module, OAS provides modeling and simulation
capabilities for the digital twin system. It plays a role as the
basement of many applications. On one hand, by providing a dig-
ital process with adjustable units and structures, along with cor-
responding operational simulation data, OAS can offer strong
support for the design and decision-making. On the other hand, by
establishing the digital process corresponding to the physical en-
tity, different operating conditions can be simulated to achieve
various objectives, such as optimization and estimation.

The input of OAS includes information(data) related to streams,
units, and process structure. That information can be either virtual, in
the design phase, or real, in the runtime phase. What comes out of
OAS is a fully transparent digital process. Data from any specific part
of the digital process, no matter in streams, units, or process structure,
is available for engineers and other modules of the whole system.

To complete the work of modeling and simulation, OAS has to
be a generalized and open system: 1) The word “generalized”
indicate that engineers should be able to establish models of vast
majority of common chemical engineering units in OAS. To com-
plete that, OAS needs to establish data structures for sufficiently
fundamental concepts. That would make itself versatile and in-
clusive; 2) The word “open” indicate that engineers should be easy
to operate their digital processes, to modify the streams, units or
even functions in the system. To achieve that, OAS needs to have a
clear modular design and various data APIs, to be friendly enough
for modification and extension.

Fig. 5 illustrates the cyber-physical system designed for OAS.
The double solid arrows are the correspondence while the dotted
arrows are the connection within the cyber world. Our cyber
system is based on two basic objects, variable object and equation
object. Note that the equation object is designed to contain the
relation between variables. For those who do not vary during a
solving procedure, they are regarded as parameters and have no
unique objects. Corresponding to physics entities, there are stream
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object based on variable, property function based on equation, and
unit object based on equation (and variable if necessary).

Adigital process is made of stream objects and unit objects. Every
unit connects with several streams, and these streams connect with
other units, forming a process structure. Since equations in a unit
contain only the relation between variables linked to it, for example,
a sum relation between instreams and outstreams in a mixer unit,
there will be no extra connection equations in the system.

Fig. 6 illustrates the workflow of the OAS. User layer gives data
and commands to the task platform. The platform then would
build the digital process. In this phase, it instantiates stream ob-
jects and various unit objects from the model library. Then, the
objects are linked to form the process. Meanwhile, the platform
will ask the database for property information, like density and
molecular weight. The task platform generates the algebraic sys-
tem from user definition and interacts with the solver module for
solution. Both equation-oriented and sequential-module solvers
are available in the solving system. The results are stored in the
corresponding stream and unit objects after the solving procedure
is completed, available for users.

It is worth noting that such design in Figs. 5 and 6 gives the
cyber-physical system two significant advantages. 1) Since the
system is based on variables and equations rather than models of
chemical devices, users are capable of selecting standard models

Code 1: Modeling the process structure on OAS
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or customizing non-standard models. Every detail in the process
can be modeled in the cyber space, as long as it can be expressed in
the form of variables/equations. This guarantees the platform to be
general. 2) The object-oriented approach is widely applied in the
platform design. Each unit or stream is an independent model,
capable of data exchange or the addition of unique functional
modules. Based on simulation of a process, the design makes the
system open enough for missions like conditions tests, optimiza-
tion, data integration and etc.

4.1. Application A: modeling in the digital twin system

Modeling is the first task in any cyber-physical system. In the
countercurrent nitration process as shown in Fig. 3, one stream
flows from R1 to R7 while the other flows in the opposite direction.
The temperatures of each reactor are the key variables to infer
whether the process is working safely and efficiently. Code 1 and
Code 2 are displayed to show how to create process and custom-
ized units in OAS. They intuitively demonstrate that OAS has
achieved openness and generalization: 1) The process is created
totally based on object-oriented approach in Code 1, showing the
modular design of OAS; 2) A customized unit is defined in Code 2,
showing that engineers can easily create their own models and the
models can be accepted by OAS.

. # Define Process

. Nitr = Process('Nitration', ComponentsList=components)

. # Define Streams

. SBZ_in = Nitr.DefStream('SBZ_0"')

Nitr.DefStream('R1_in")

. Rl_in

. SBZ1_out = Nitr.DefStream('SBZ_1")

. SAC1_out = Nitr.DefStream('SAC_1")

# .
. # Define Units

. Mixerl = Nitr.DefUnit('Mixer",

. R1 = Nitr.DefUnit('CSTR_with_decanter’,

. Rl.temperature.SetValue(T1)

. Mixer2 = Nitr.DefUnit('Mixer",
. R2

Nitr.DefUnit('CSTR_with_decanter’,
. R2.temperature.SetValue(T2)
;2

. # Value for Feed Streams
. # SBZ_in.SetValue(...)
CH# oL

. # Value for InitialGuess
. # SBZ1_out.InitialGuess(...)
CH# oL

. # Simulation

. Nitr.Solve()

'Mixerl', [SBZ_in, SAC2_out, SW_1], R1_in)
'R1', R1_in, [SBZ1_out, SAC1_out])

'Mixer2', [SBZ1_out, SAC3_out, SW_2], R2_in)
'R2', R2_in, [SBZ2_out, SAC2_out])
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Code 1 shows how to establish such a process in OAS on our
platform developed on Python. The procedure consists of five key
steps: 1) Define the process/project, as line 2; 2) Define the
streams in the process, as line 4—9; 3) Define the units with the
stream connection, as line 11—19; 4) Input the data, as line 21-27;
and 5) Run the simulation, as line 30.

Code 2: Create Customized Units on OAS

(PFR) and a decanter, as illustrated in Fig. 4. Note that the pa-
rameters of each reactor vary depending on its location in the
process.

The models of CSTR and PFR in steady state can be described as:

Fiin — Fioue = V(=17) (1)
Xi dx.

V = Fiin J _—rl (2)
0 i

where F denotes the mole flowrate, V is the reactor volume, x; is
the conversion for the ith component; and r; represents the reac-
tion rate for the ith component as calculated by the following
equations.

=Yk (3)

where C represents mole concentration, j represents the jth reac-
tion and n represents the order of the reaction. ki is obtained by

Arrhenius equation, pre-exponential factor equation and activa-
tion energy equation [18].

1. class CustomizedUnit(Unit):

2 def DefInfo(self):

3 self.EquNum = 2

4 # Parameters

5. self.varl = 0.5

6 self.var2 = 0.7

7

8 def GetEquationFun(self):

9 res = zeros(2)

10. res[@] = self.instream.set[@].value - self.outstream.set[1].value / self.varl
11. res[1] = self.instream.set[1].value - self.outstream.set[@].value / self.var2
12. # x1 = y2 / parl

13. # x2 =yl / par2

14. return res

On OAS, users have freedom to define customized units, as
shown in Code 2. By inheriting from the basic class “Unit”, the
specific unit has the same format and API as other standard units.
Thus, only two functions are waiting to be rewritten. In “Deflnfo”,
users claim the number of equations and parameters in the unit; and
in “GetEquationFun”, users provide the model of the unit. Note that
OAS adopts the grammar of Python, which means not only equations
but also logic relations, such as conditional judgment and third-
party functions, are acceptable as a unit object. This feature allows
various units definition in OAS and other modules in the digital twin.

4.2. Application B: assessment and optimization on thermal safety

OAS allows users to describe the complex structure precisely
and define customized reactors in the network. Furthermore, OAS
can help engineers to complete process optimization by defining
objective function and constraints.

In the optimization of the nitration process, each nitra-
tion reactor is treated as a complex combination of a mixer,
a continuous stirred-tank reactor (CSTR), a plug-flow reactor

The model of the decanter can be formulated as:

zijxgznzi:x;’:Li:l,---,c (5)

C
A,
2 XTiGi ¢ ac. > XnTmiGm
1 a J-1 X] ) m=1 (6)
nyf =" + Z c T~
Z kakl =1 Z chkj Z xﬁckj
k=1 k=1 k=1
C
0r..G.:
21 Xj T]]G]I C X(')Gij Z] X?nijij
o_J— j . m=
Iny) =" + Z c Tij c (7)
> XpGy =1 chkj kz] X;Zij
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Gij :e—“ijTijJ;&j (8)
b .o
Ty = G+ + ey In T+ fyT.i%] (9)

where x{ and x{ are the mole fraction of component i in the acid
phase and the organic phase, respectively; v{ and y{ are the ac-
tivity coefficient of component i in the acid phase and the organic
phase, respectively; T is the reactor temperature; aj, by, cjj, dij, ej;,
and fj; are the binary interaction parameters between components
iandj.

Ensuring thermal safety is the top priority in the countercur-
rent nitration process. OAS can play a role in the assessment of
thermal safety. A flexibility analysis problem is formulated as Eq.
(11), aiming for quantitative safe boundaries on temperatures for
three key reactors, R3, R4 and R5, in the nitration process. In Eq.
(11), x represents the state variables; h represents the equality
constraints, referring to the mechanism model; grepresents the
inequality constraints including: 1) constraints on nitration rates
(including the first-stage and second-stage nitration rates); 2)
constraints on cooling water flowrate, referring to the ultimate
heat exchange capacity of the system; 3) constraints on cooling
water outlet temperature, avoiding being too close to the tem-
peratures of the streams in the process.

maxo
eERT

s.t. gj(T",x) <0,vje],Vkek
hi(T’tx) —0,viel, vkek
T =TV + 6T', vkeK

(11)

The aim of the flexibility analysis problem in Eq. (11) is to assess
the thermal safety of the process and provide quantified safety
boundaries in operation. The operating space of the temperatures,
T¥, Vk € K, is defined by T" and 6 in Eq. (11). TV is the temperature
setting value and the central point of the safe operating space; ¢ is
the flexibility index of the problem, presenting the size of the safe
operating space. The maximum ¢ that satisfies the constraints
corresponds to the safety boundaries of the operating space. Thus,
0 serves as the objective function in Eq. (11).

By setting T" to be the same as one practical operating condi-
tion, the thermal safety assessment can be done on that condition.
As a solution to Eq. (11), dmax = 8.60. That indicates when the
scaled temperatures of R3, R4 and R5 fluctuate within a range of
+8.60, the operating conditions of the process meet the safety
standards, and the product also meets the quality requirements.
Fig. 7 illustrates the safety space (denoted by the shaded

100

75

— Reactor 5th
— Reactor 4th
— Reactor 3th

50

Normalized temperature

25

A k4

Time

Fig. 7. Safe boundaries and industrial historical data.

regions) with the historical data. The temperature in the figure has
been normalized and scaled to the range of 0 to 100, so does the
data in the following text. The real temperatures may occasionally
exceed the safety boundaries, resulting in potential safety hazards
or non-conforming products.

To further enhance the operation safety, the temperature

setting value is adjusted by adding a modification ATV to the

previous TV, in order to obtain an increased safe operating space.
Thus, an optimization problem as Eq. (12) is formulated.

max o
ATN peR?

s.t. gj(Tk,x) <0,vjeJ, vkek
h,»(T",x) —0,viel, vkek
T — (TN +ATN) 10T, VkeK

(12)

In Eq. (12), since the aim is to optimize the temperature setting
value TV, the operating space T¥, Vk € K, is now defined by TV, 6
and modification ATN. AT serves as the decision variables in Eq.
(12), aiming for the maximum of the operating space é. If the so-
lution ¢ in Eq. (12) is bigger than it in Eq. (11), the new temperature

setting value TN + ATN corresponds to larger safe operating space
than TV, in which case the optimization is successful.

The optimal temperature change AT and corresponding 6 are
obtained as:

ATY, = [+0.39, —2.05, + 1.40], dopt = 14.91

As ATgpt is accepted, ¢ is expanded from 8.60 in Eq. (11) to 14.91
in Eq. (12), which increases by 73.37%. Note that constraints g and
h include not only safety constraints, but also efficient constraints,
such as ensuring the conversion rate is no lower than 95%.
Therefore, the result is optimal in both safety and efficiency. In the
optimization case, OAS serves as a modeling and simulation plat-
form, offering data of the process as the working conditions
change in the iteration of the solver. In addition, as an open system,
itis convenient for users to connect OAS to a nonlinear solver or an
optimization module, as in the application.

In conclusion, OAS provide basic digital environment for model
building, simulation and optimization tasks. The platform is open
for most of the external software, such as solvers and computing
modules. And it is general enough for users and other modules in
the system to define customized models. By establishing a digital
process on OAS, managers can test different working conditions to
make decisions and engineers can analyze the process over a
broader scope, such as quantified safe space.

5. Module II: Operation Monitoring System (OMS)

In the practice of chemical industry, offline static simulation
and analysis alone do not meet the requirement of production.
OMS is introduced as the second module to handle problems when
engineers try to monitor a process. Typically, digital twin systems
complete such missions by creating dynamic models, taking in-
formation from the sensors and providing computation results in
real time. An ideal dynamic model running online in a process can
benefit engineers in various fields. For instance, it can provide data
that is not detected by actual sensors in the production, such as
conversion rate in a particular reactor.

To describe the behavior of the process in a dynamic way, OMS
takes real-time data and mechanistic knowledge as input. The
main aim of OMS is to establish an accurate dynamic model, which
is also the key challenge. Pure static mechanistic model fails to
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describe the dynamic characteristics. But pure data-driven and Al-
assisted methods hardly perform well either for complex pro-
cesses. It is necessary to make the full use of both real-time data
and chemical engineering knowledge in the process industry. A
hybrid approach that combines mechanistic and data-driven
modeling is a highly effective strategy. Two applications are
introduced in this section to show how OMS benefits the industry
production.

5.1. Application C: temperature prediction

If abnormal fluctuations in temperatures can be predicted
several minutes ahead of the operation, the operators can be
warned and operate in time to save the process from an emer-
gency and avoid shutdown. In light of this, the temperature pre-
diction is developed in the OMS for the countercurrent nitration
process.

In order to predict future temperature changes, a mechanistic
model is first developed based on heat balance. The released heat
from reactions is also included to correlate the temperature and
concentration variables. Unscented Kalman filter(UKF) is then
used to facilitate the co-estimation of both model states and pa-
rameters, and a Seq2Seq neural network is employed to
compensate for the unmodeled dynamics. The whole framework is
illustrated by Fig. 8.

The time-discretized mechanistic model can be represented as
Eq. (13).

x(k+1) =f(x(k),u(k),0)
{y%lo:»)c(k) o (13)

where x(k) is the state variables; u(k) include raw material stream
flowrates, inlet temperatures and flowrates of the cooling water; 6
denotes the model parameters. In each iteration, UKF will do up-
date and predict. By taking new observations, UKF updates the 4,
and then computes f(x(k), u(k), ¢). Such updates may cause new
parameters to violate the physical constraints. To address this
issue, a constrained optimization is incorporated to adjust the
parameters in each iteration of the UKF.

In the UKF model, future states of the process are assumed to
depend solely on the current state and control and are indepen-
dent of the past states. However, it cannot be always true in the
real-world industrial application. Various factors could violate this
assumption, such as time lags in measurements, resulting in the
deviation of the predicted values. Thus, the Seq2Seq network is
employed to encapsulate historical data from a much longer past
through its encoder. Therefore, by integrating a Seq2Seq network
after the UKEF, such deviations can be compensated. The specific
algorithms and the effectiveness of the model can be found here
[19].

Mechanistic model

Real time data ‘

. Unscented kalman

History data filter
fm>

Constrained nonlinear

" Constraint check
programming

Tpo Tyars T "
¥ Lo L)
T Tevrs T

L | Multistep prediction — Seq2Seq network

Fig. 8. The flowchart of the hybrid model.

Positive results are obtained when the framework is used in real-
time monitoring. As shown in Fig. 9, it contains the temperature
measurement denoted by black curve and the predicted tempera-
tures of 1 to 5 step-ahead by color curves. Note that the temperature
in the figure has been normalized and scaled to the range of 0 to 100.
Each step corresponds to 1 min in the real world; thus, we can have
the prediction by 1-5 min ahead, respectively. At 10:05, a distur-
bance occurred in the cooling water flowrate due to a wrong oper-
ation of the operator. The black curve records how the real
temperature measurement fluctuated. The OMS also gives the
temperature predictions. The predicted values accurately reflect the
temperature change, providing early warning to operators to save
the process back to the normal state. The total computational time
for making the 5-step-ahead prediction once is usually no more than
3 s on a workstation with Intel Xeon Gold 5222 (3.80FHz). Since the
5-step-ahead prediction is conducted for every minute, the
computational time consumption of a few seconds need not to
consider.

5.2. Application D: nitric acid concentration monitoring

Nitric acid concentration is a key variable in the countercurrent
nitration process that engineers and operators all rely on it to
determine the current state of the reaction. In practice, however,
the information can only be obtained through offline analysis for
every 8 h. With the OMS, it is possible to build a soft-sensor to
monitor the acid concentration in real-time. Mechanistic model
with parameter estimation is used for this work.

The fixed conversion reactor mode [20] can be considered as
consisting of two components, mass balance equations and ther-
mal balance equations:

MB(u,T,pm) =0
(14)
Q(u7 Ta pR) =0

where u is the flowrate, T is the temperature, py, and pg is the
parameters in the mass balance and thermal balance equations,
respectively. When attempting to describe the reactor by this
model in real time, it is challenging to establish accurate reaction
kinetics equations that match real-world data. In addition, the
combination of static mass balance equations and dynamic ther-
mal balance equations requires a specific method of reconciliation.

Denote x;; as the conversion rate of reactionj in reactor i. It is
selected as the key state variable in this work. It is defined as

u}f}(l —Xij) = u?}", where u;; is the flowrate of the limiting
component of reactionj in reactor i. The thermal balance equations
can be formulated as:

Qi — Qi+ Qi — Qi =0 (15)

where Q; represents the heat change calculated from the tem-

1
dr
exchanged by cooling water; Qy, ; represents the sensible heat due
to the temperature difference between the feed and the reactor;
Qg denotes the reaction released heat relating to the conversion
rate, x; ;. The thermal balance and mass balance are treated as two
layers of the model, connected by the state variable x; ;. In the real-
time monitoring task, heat balance is first solved to estimate the
conversion rate. Then the mass balance is used to estimate con-
centrations. Through this strategy, real-time monitoring of specific
variables in the process is achieved. Fig. 10 illustrated the perfor-
mance of OMS in acid concentration monitoring in practice.

perature variation, as Q; = p;cp;V;——; Q.; represents as heat
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Fig. 10. Monitoring data of acid concentration in reactors 2, 3, and 4.

In Fig. 10, the horizontal axis denotes the timestamp, and the
vertical axis denotes the nitric acid concentration in the reactors.
Note that the data has been normalized and scaled to the range of
0 to 1.0. Measure data from the sensors in the industry is presented
as blue dots. Data from the OMS is presented in green and red, with
green for training data and red for test results. During the training
stage, some parameters in the mass and heat balance equations are
estimated and later fixed for the online prediction as shown in the
test stage. The results show that the prediction well agrees with
offline analysis, supporting that the OMS succeeds in monitoring
key variables in real-time.

As a summary, the OMS serves as a module generate dynamic
models in the nitration process. By applying hybrid models, it
succeeds in real-time monitoring tasks in operation, such as var-
iables monitoring and prediction. As a subsystem in the digital
twin, it could provide equipment analysis for managers, trend
analysis for engineers, and operation assistance for operators.
Considering the open modeling platform of the digital twin sys-
tem, OMS is also acceptable for further extension, like fault
detection, troubleshooting methods and etc.

6. Module III: Operator Training System (OTS)

The process industry requires operators to execute corre-
sponding operations based on different working scenarios. These
scenarios are diverse, with various steady-state and dynamic
characteristics, different working conditions, and distinct

using a simulation model and real data, as shown in Fig. 11. It in-
volves the dynamic mathematical model development of the
process under different scenarios, requiring the handling of pro-
cess structure, control system, unit features,and reality data. When
an operator executes operations on OTS, it sends input to the
model and provides feedback caused by the operations. Mean-
while, OTS also records and verifies the operations, determines the
completion status of each step, and subsequently provides
an operational evaluation. To complete that goal, a data frame-
work capable of managing various types of information, in-
cluding simulation models and data, tags and step rules, and
evaluation scores for operations, is essential. The framework is
illustrated in Fig. 12. The modules are divided into functional and
information modules, represented by light blue and grey blocks,
respectively.

Tags Lib is at the center of the system. It stores the tag infor-
mation of the entire process in the form of key-value pairs, con-
sisting of the tag name and the current value. Almost all data
interactions in OTS are carried out through Tags Lib. Operation Ul
is where operators execute operations and see the feedback in
tags. Step information is stored in Steps Lib. Each step object

Operation system

Operators

Process

Simulation system

“’ 10 system “ Operations in training

I—D Evaluation system 4—I

Fig. 11. The workflow of OTS.
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Fig. 12. The functional modules and information modules in OTS.

includes step status, associated operations, trigger tag numbers,
completion conditions, and penalty conditions. Steps Lib also
stores a hierarchical relationship diagram of all steps, enabling any
combination of sequential and parallel operations, as well as
operation prompts. Models Lib stores the models used for calcu-
lating the operational response. Each model contains the mathe-
matical model, the input and output tags.

Corresponding to the information modules, there are three
types of functional modules. 10 System completes the data
communication between Operation Ul and Tags Lib. Simulation
systems are designed to manage the models in the training. It calls
the models in serial or in parallel to update values in tags. Evalu-
ation System compares the operation with Steps Lib. It provides
the completion status and penalty conditions of each step to assess
the user's operational quality. Note that Evaluation System will
monitor all the tags. When one tag value has been changed,
Evaluation System locates all the corresponding steps in Steps Lib,
and determines whether one step is complete. The steps can be
structured in either a serial or parallel manner.

To meet specific training requirements, managers or engineers
can define specific operational scenarios. Within a digital twin
system, the OAS and OMS could help to build mechanistic models or
hybrid models with historical data in specific scenarios. Steps with
certain logical relation can be defined by scripts. Finally, an exam
can be provided to the operators for each scenario under training.

OTS has been developed for the countercurrent nitration pro-
cess, including startup procedure, shutdown procedure, emer-
gency power outage, and emergency water shutdown. The startup
procedure of the countercurrent nitration process is illustrated as
an example to show how to build such a procedure in OTS. The
workflow is shown in Fig. 13.

First, historical data is collected from the real plant. Next, by
using a scenario extraction function, it is able to identify the data
relating to the startup operations from the collected historical data
and slice them into segments. Based on a predefined hybrid model
structure developed in the OMS, parameter estimation can be
conducted with the multi-segment data. Eventually, the model
fitting with the startup operation data is built.

After the model is obtained, steps are created and stored in the
Step Libs to form a step-tree for the startup scenario. As illustrated
in Fig. 14, it shows a time slice during the test. There is a clear
logical sequence among the steps, illustrated by black arrow
connections. The completed steps are marked in blue while un-
completed ones are marked in grey. In this time slice, Step 5 is in
progress and marked yellow. In a step object, step status, associ-
ated operations, trigger tag numbers, completion conditions, and
penalty conditions are recorded. Each of the associated operations
contains labels of itself, trigger tags, range of the target variable,
completion mark, and operation score.
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|
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|
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Fig. 13. The workflow to build models for startup procedure.
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Fig. 14. The steps forming a test procedure in OTS.

With the predefined scripts for the model and steps, the OTS of
the startup procedure is constructed and ready for operators. The
operation tests done by operators will be recorded and scored.
Fig. 15 presented a case of an incorrect operation sequence in the
training test of the startup procedure. The step requires operators
to turn on the circulation pump. The correct operating sequence is
to turn on Valves 7, 5, 3, and 1, sequentially, as shown in subplot
(a). The operator did a wrong operation with an incorrect sequence
as shown in subplot (b). The evaluation system thus deducts 20
scores for the wrong operation according to the predefined rules in
Step Lib.

Fig. 16 presents another case of violating key constraints in the
startup procedure. Note that the temperature in the figure has
been normalized and scaled to the range of O to 1. The steps require
the reactor temperature to be controlled below 1.0. Comparing to a
standard operation recorded in historical data as shown in subplot
(a), the operation done by the tested operator surpasses the limit
as shown in subplot (b). As a penalty, a deduction of 20 scores is
made by the evaluation system.

With the OTS, it is convenient for high-level managers and
engineers to define specific scenarios according to actual needs,
and train operators in a simulator environment. Besides, it can also
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reveal operators’ level and take precautions against unsafe oper-
ations, which is essential for the high hazard equipment like the
complex nitration process. OTS characterizes a working mode: by
adding data structures based on steady-state and dynamic models,
it enables the achievement of high-level task requirements during
the service phase.

7. Conclusions

A hierarchical and role-driven framework of digital twin system
for general process operation is presented in this work. With one
digital twin, the framework is designed to address different de-
mands from managers, engineers, and operators in the nitration
industry. It consists of three modules, OAS, OMS, and OTS,
handling tasks in design phase, runtime phase and service phase,
respectively. The OAS creates the digital process using stream and
unit objects, which can help high-level staff to make decisions on
any process operation and optimization. The OMS monitors the
dynamic changes in the operation with hybrid mechanistic and
data-driven models, which can enhance the safety and profit of the

process operation. The OTS creates a virtual training environment
with different operating scenarios based on the models and his-
toric data, which is useful for the operator to improve their oper-
ating skills. Communication between modules improves the
efficiency of the digital twin system. Each module is illustrated
with applications of different purposes in the real nitration pro-
cess. These applications presented in this work demonstrate that
the novel hierarchical framework could benefit the nitration pro-
cess in different phase during the lifecycle, by the analysis,
monitoring, and training tasks facilitated by one digital system.

Comparing to usual solutions to the tasks in industry, such as
independent simulator or SCADA systems, an integrated digital
twin system aiming for addressing issues of different roles at one
time, thus playing a higher-level role than independent module. It
ensures that the same modeling structure based on variables and
equations is applied consistently across different application tasks.
In processes with multiple tasks, the framework prevents redun-
dant computation of data and incompatibility between different
systems. Besides, the digital twin system can accommodate
extension designs following the same structure oriented toward
other tasks, such as other analysis or monitoring tasks.

Although the applications are within the nitration process, the
framework is believed to be applicable universally for process
operations. The framework proposed in this work is designed
based on some basic concept: OAS is based on stream and unit
objects; OMS is based on hybrid methods of static and dynamic
models; and OTS is based on steps and single operation. Since
these concepts are shared within process industry, the framework
is general for process operation in most situations. Instead of how-
to building models specifically, this work introduces a framework
to build a specific digital twin system to arrange a large amount of
data, aiming for addressing demands of different roles in general
process operations.
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