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Abstract

In response to the growing complexity of modern process manufacturing systems, this
paper proposes a novel simulation framework named the Process–Equipment–In-Process
State (PEI) simulation method, which introduces a unified and structured approach to
modeling multi-stage industrial processes. Unlike conventional simulation approaches
that rely on ad hoc or loosely organized modules, the PEI method decomposes the simula-
tion system into three core and interoperable modules: Process Structure (P), Equipment
Behavior (E), and In-Process State (I). This modular abstraction facilitates the decoupling
of model logic. It also enables a structure-driven simulation execution mechanism. In
this structure, the process topology governs task scheduling; equipment models translate
control inputs into physical conditions; and state models simulate material evolution ac-
cordingly. A complete simulation case involving water mixing, heat exchange, and slurry
transformation demonstrates the method’s capability to support traceable state evolution,
logical task flow, and extensible model binding. The results demonstrate that the pro-
posed method enables module decoupling, clear simulation pathways, and traceable state
changes, providing effective support for structured modeling and behavioral evolution
analysis in process manufacturing.

Keywords: process manufacturing; PEI simulation method; structured simulation; module
decoupling; process-driven simulation

1. Introduction
Process manufacturing is widely applied in industries such as chemicals, pharmaceu-

ticals, food, energy, and fiber production. Its typical characteristics include continuous
material flow, tightly coupled equipment, complex system structures, and strong dy-
namic nonlinearity [1–3]. In the face of multi-source heterogeneous devices, time-varying
boundary conditions, and cross-level process logic, traditional static modeling and offline
computation approaches have become inadequate for meeting the modern demands of
process industries in terms of state awareness, performance prediction, and scheduling
optimization [4,5].

In recent years, research in simulation and modeling for process manufacturing has
shown a trend toward multi-dimensional integration, primarily in the following areas.

First, research has focused on soft sensing and state modeling technologies. To address
the challenge of estimating key variables that are difficult to measure directly under real
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operating conditions, researchers have proposed various data-driven state estimation meth-
ods. For example, soft sensors based on Long Short-Term Memory (LSTM) and attention
mechanisms have demonstrated high prediction accuracy in industrial applications [6,7],
and sequence modeling methods that integrate convolutional structures with self-attention
have also shown excellent performance and generalization capabilities [8]. In addition,
multi-modal, real-time updating models that fuse statistical rules and machine learning
approaches have found applications in complex processes [9–11]. However, these methods
mainly focus on single-point prediction and lack system-level structural integration [12].

Second, research on equipment behavior modeling and process control has also drawn
significant attention. Hybrid modeling and model predictive control (MPC) approaches
are widely used to construct device response mechanisms. For instance, the work by
Ahmed employed MPC to enhance performance in crude oil processing systems [13],
while Asensi et al. proposed a multi-variable control strategy for thermal flow control
systems, improving robustness in temperature regulation [14]. Other practical cases include
gas blending stations [15] and Dynamic Matrix Control (DMC) reaction systems [16].
Despite these advances in device-level control, collaborative simulation across systems
remains underdeveloped.

Third, in the development of system-level process modeling platforms, mainstream
industrial tools such as Simulink, Modelica, and Sim3Tanks provide modular support
for industrial modeling [17,18]. The Process Analysis, Retrofit and Optimization in the
Context of Control (PAROC) framework proposed by Pistikopoulos integrates modeling
languages, schedulers, and optimizers to support process-control integrated modeling [19].
However, most of these platforms focus on modeling syntax or solving algorithms and
lack a unified structural definition for simulation task organization and model data flow
scheduling [20–22].

Fourth, the rise of digital twin (DT) technologies in the process industry has also
attracted growing interest. Recent studies have explored how to integrate industrial data,
modeling systems, and real-time interaction to construct digital models with mapping,
prediction, and feedback capabilities [2,5,23]. For example, Mozharovskii and Shevlyagina
proposed a sensor twin framework that integrates prediction and visualization [24]. Some
research also focuses on coupling digital twins with controllers [25,26]. However, most
existing systems are still limited to visualization or early warning functions and lack the
ability to organize simulation tasks from a process modeling logic perspective [27,28].

In addition, some studies have focused on integrated modeling for specific processes,
such as CO2 capture and conversion systems [4], fiber spinning and drying systems [29],
and dimethyl ether (DME) synthesis processes [30]. However, these approaches generally
lack reconfigurability and the ability to support multi-module coupling, which limits
their applicability across diverse industrial scenarios. Recent review articles have also
emphasized that future research in process simulation should focus more on system-level
modeling structures, modular coupling mechanisms, and organizational models for cross-
equipment coordination [31–33].

Most existing simulation tools in process manufacturing are developed within com-
mercial platforms such as Aspen Plus, Tecnomatix Plant Simulation, or gPROMS. These
platforms are usually tailored to specific domains. For example, Aspen Plus focuses on
chemical thermodynamics, Tecnomatix on discrete logistics, and gPROMS on equipment-
level process control. However, they are not well suited for generalized simulation of
multi-stage production processes that involve structural logic, equipment behavior, and
evolving material states.

In summary, although existing studies have contributed substantial advancements in
model construction, optimization algorithms, and simulation platforms, several critical
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challenges remain unresolved: (1) the lack of a structured mapping between simulation
tasks, equipment behavior, and state evolution; (2) the absence of a standardized mecha-
nism for scheduling model execution and coordinating data flow across different modules;
and (3) the unclear coupling between process structure hierarchies and system response
logic, which hinders the scalability and reusability of simulation systems.

To address these challenges, this paper proposes a structured simulation method for
process manufacturing, referred to as the PEI simulation method. This method constructs
a simulation system architecture based on three fundamental modules: P (the Process
Structure module), which defines simulation nodes and scheduling sequences; E (the
Equipment Behavior module), which models the input–output response logic of equipment;
and I (the In-Process State module), which simulates the evolution of state variables.

These modules are organized in a modular and schedulable manner, where simulation
tasks are driven by the process structure and executed in a step-by-step sequence. This
structure enables clear task orchestration, data flow routing, and model coordination across
multiple stages of the simulation process. It should be noted that the present prototype
assumes that basic data acquisition and control interfaces are already available, and the
focus of this work is on validating the structural feasibility of the PEI simulation workflow.
The development of a fully autonomous Industry 4.0/5.0-style system with self-correction
and feedback control is left for future research.

The remainder of this paper is organized as follows. Section 2 introduces the archi-
tecture of the proposed PEI simulation method, including the definitions and boundaries
of the P, E, and I modules as well as the execution workflow. Section 3 presents a case
implementation and discusses the simulation results. Section 4 concludes the paper with a
summary of contributions, limitations, and directions for future work.

2. Architecture of the PEI Simulation Method
Figure 1 illustrates the production workflow of a typical process manufacturing sys-

tem. In such systems, the complete production process is usually composed of multiple
processing steps connected in a predefined sequence. Each step is typically equipped with
one or more devices responsible for executing specific operations. After the execution
of each step, the in-process material is inspected to collect key process state data and
evaluate the effectiveness of the operation. This type of production process exhibits distinct
structural continuity and stage-wise evolution, forming a complex system characterized
by multi-stage interactions and multi-parameter coupling. To ensure traceability and
consistency, each process step is coupled with a specific equipment unit and followed by
inspection. The final inspection leads to the release of the finished product, completing
the process flow. This schematic structure serves as the abstract foundation for the PEI
simulation organization.

Figure 1. The production flow of a typical process manufacturing system.

The “step–equipment–inspection” configuration is commonly observed in industrial
production lines, reflecting the continuity, structured execution, and stage-wise transfor-
mation inherent to process manufacturing. However, conventional simulation approaches
tend to treat each step as an isolated modeling object. As a result, the operational logic of
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equipment, material state transitions, and process orchestration are often modeled indepen-
dently, lacking a unified framework for describing their interdependencies. This separation
limits the ability to analyze multi-step interactions or predict outcomes under complex
operating conditions.

To overcome these limitations, this paper proposes an architecture illustrated in
Figure 2, referred to as the PEI simulation method. It introduces a structured organization
comprising three cooperating modules: a Process Structure module (P), which defines
the sequence and dependencies of the process steps; an Equipment Behavior module (E),
responsible for translating control inputs into physical operating conditions; and an In-
Process State module (I), which simulates the transformation of material properties under
the given process environment.

Each simulation node, corresponding to a process step, is managed by the P module,
which activates the relevant E and I modules assigned to that step. Within a node, the E
module generates the local process conditions, which are then used by the I module to
compute material state transitions. This hierarchical and modular execution mechanism,
as visualized in Figure 2, enables PEI to support multi-stage simulations with explicit
structure, logical task flow, and traceable state evolution across the process chain. In this
architecture, Figure 2 visualizes a representative simulation node, highlighting the typical
internal coupling of control and monitoring parameters via the E and I modules.

Figure 2. The architecture of the PEI simulation method. This diagram illustrates the internal logic of
a typical simulation node, combining equipment control and in-process state evolution.

2.1. Definitions and Boundaries of the PEI Modules

The Process Structure module (P) defines the connectivity of steps, execution sequence,
and data dependencies within the overall production workflow. Conceptually, it functions
as a structured process graph or a directed scheduling network that determines how
simulation tasks are organized and in what order nodes are activated. The P module itself
does not perform any physical modeling or numerical computation; rather, it serves as the
scheduling center of the system, managing the flow of simulation tasks and activation of
simulation nodes. Its boundary lies at the organizational level of process topology, without
involving equipment behavior or material state modeling.
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The Equipment Behavior module (E) characterizes the relationship between control
operations and the physical response of equipment. It establishes a mapping from control
inputs to equipment responses, capturing how the system reacts under given operational
conditions. The E module serves as the bridge between control settings and the physical
process environment, transforming setpoints into physical parameters such as temperature,
pressure, or flow rate. The modeling strategies for E modules may include various struc-
tures such as: single-input single-output (SISO), multi-input single-output (MISO), control
loop modeling, data-driven models (e.g., regression, random forest, neural networks), or
physics-based formulations. Inputs to the E module consist of control or setpoint variables,
while outputs are the corresponding physical responses. Its scope is limited to equipment-
level behavior and does not cover material transformation or the structural logic of the
process. In practical industrial systems such as those governed by Distributed Control
Systems (DCSs), the E module interfaces with two categories of parameters: control param-
eters and monitoring parameters. Control parameters refer to adjustable input signals, such
as valve openings, power settings, or motor speeds, that define how equipment is operated.
Monitoring parameters, by contrast, are sensor-acquired feedback values, including flow
rate, temperature, pressure, or equipment current, which reflect the real-time operating
state of the device. This distinction aligns with real-world engineering practices, where
control signals drive the system’s behavior, and monitoring signals are used for validation,
supervision, or as inputs to state estimation models. Within the PEI framework, both pa-
rameter types are encapsulated by the E module, enabling accurate reflection of equipment
behavior and providing critical support for downstream in-process state modeling.

The In-Process State module (I) simulates the evolution of material properties under
given process conditions. It is the core modeling component responsible for reflecting
process effects and evaluating product-related indicators. The goal of the I module is to
derive the target state of in-process materials at each simulation step, based on initial
material conditions and the external process environment. Inputs to the I module include
the following: (1) the output state from the upstream I module (i.e., the result of the
previous process step), and (2) the response output from the current step’s E module (i.e.,
the process condition). These two factors jointly determine the transformation path of
materials within the current equipment, forming a “raw state–process condition–final state”
modeling chain. Common I module types include single-variable prediction models, multi-
variable coupling models, dynamic evolution models based on control inputs, data-driven
soft sensors, and simplified mechanistic models. The output of the I module is the updated
in-process material state at the end of the current step, serving as a critical indicator for
assessing the effectiveness of control strategies, process configurations, and structural
flow logic.

2.2. Module Collaboration Mechanism and Simulation Execution Workflow

The PEI simulation method organizes the execution of simulation tasks through the
Process Structure module (P), which determines the step-by-step scheduling of the entire
simulation process. Within each step, the system sequentially invokes the Equipment
Behavior module (E) and the In-Process State module (I). These modules collaborate
through data transfer: the E module generates the local process conditions, while the I
module simulates material state transitions under those conditions.

In each process step, the E module is first called to compute the equipment response
based on the specified control parameters. The resulting process conditions then serve as
part of the input to the I module. Upon receiving both the equipment response and the
upstream material state, the I module performs the prediction and update of the current
material properties. The simulation proceeds step by step, with the E and I modules
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operating collaboratively within each node. The output of the I module is passed to the
next step, enabling a progressive evolution of process states throughout the simulation. The
overall execution sequence is controlled by the P module, continuing until the final step
is completed. At each step, the E and I modules are executed in a synchronized manner,
ensuring consistent data dependencies and preventing race conditions.

To realize this structured execution, the PEI simulation method follows the simulation
workflow illustrated in Figure 3. The system first uses the P module to identify the current
simulation node and retrieve its assigned parameters. Then, the E module computes the
equipment response from the input settings, and this response is passed to the I module
along with the upstream material state. The I module calculates the updated material
state, which is then written into the simulation state cache. The P module checks whether
the current node is the final step. If not, it proceeds to the next node and repeats the
process. If it is the final step, the simulation terminates and outputs the complete set of
simulation results.

Figure 3. Execution workflow of the PEI simulation method.

3. Results and Discussion
This section presents a validation scenario and discusses the execution feasibility and

structural properties of the PEI simulation method. Both simulation results and method-
ological considerations are analyzed to demonstrate applicability and future extensibility.

To verify the structural organization and execution feasibility of the PEI simulation
method, a simplified simulation scenario is constructed involving the following process
chain: cold/hot water control → thermal mixing → slurry state evolution. This process
exhibits clear stepwise segmentation and state transfer characteristics, making it suitable
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for demonstrating the collaboration among the Process Structure, Equipment Behavior, and
In-Process State modules.

The complete simulation consists of three sequential steps:

• Step 1: Cold and hot water regulation
The control parameters are the valve openings for cold and hot water. The objective
is to adjust the mixed temperature of the thermal water. This step is associated with
the E module, which computes the resulting water temperature based on the valve
settings (equipment response variable). No in-process material state is updated in
this step.

• Step 2: Heat exchange between thermal water and equipment
The input control parameter is the thermal water temperature, and the equipment
response is the temperature (or heat flux) transferred within the heat exchanger. The E
module simulates the heat conduction behavior of the exchanger, while the I module
predicts the temperature rise of the slurry material under the given thermal conditions.

• Step 3: Slurry state evolution
No new control parameters are introduced. This step inherits the equipment response
and the slurry state from the previous step. The I module is used to predict final
product quality indicators such as viscosity, particle size distribution, or homogeneity,
based on the received thermal conditions and exposure duration.

Throughout the simulation, the P module governs the execution flow, linking the
three steps and ensuring that simulation tasks proceed in the correct order. Before each
step is executed, the P module schedules the corresponding simulation node, invokes
the associated E and I modules, and updates the system state before proceeding to the
next node. The current simulation prototype is implemented in Python, using modular
functions to represent equipment and state models. This allows flexible model binding and
supports cross-platform deployment.

3.1. Model Library Construction and Binding Mechanism

To support the modeling needs of equipment behavior and in-process material states
across multiple process steps, the PEI simulation method adopts a modular library-based
approach to organize both E modules (equipment models) and I modules (in-process
models). Each model is implemented as an independent function or submodule and is
bound to simulation nodes in the process structure, yielding a clear mapping between
simulation nodes and model instances.

In the current example, the model library includes the following categories:

• E Module Library: This includes the cold/hot water mixing temperature model and
the heat exchanger thermal conduction model.

– The mixing model accepts two control inputs (valve openings) and outputs the
temperature of the mixed thermal water stream.

– The heat exchanger model takes the setpoint thermal water temperature as input
and computes the temperature transmitted to the slurry within the device.

• I Module Library: This includes the slurry heating model and the slurry state evolu-
tion model.

– The heating model predicts the temperature increase of the slurry under given
thermal conditions.

– The evolution model estimates quality-related properties such as viscosity and
particle size distribution based on the exposure time and process conditions.

These models are constructed based on empirical data or fitted rules, and they also
support replacement with physics-based or data-driven alternatives.
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• Model Binding Mechanism:
Before simulation begins, the system reads the process structure definition (e.g., con-
figuration files or mapping tables) to bind each simulation step (e.g., Step 1, Step 2)
to the designated E and I model names. During execution, the simulation engine dy-
namically invokes the correct model instances based on the current step ID, enabling
task-level model scheduling and module reuse.

This mechanism not only supports the flexible composition of multiple steps and
multiple models but also facilitates later-stage model extension, replacement, and ver-
sion control, making it adaptable to various simulation requirements in complex process
manufacturing scenarios.

3.2. Simulation Execution Example

To validate the PEI method’s ability to support collaborative simulation under struc-
tured process control, a three-step case study was conducted using a predefined set of input
parameters. The objective is to demonstrate the end-to-end execution, from control input
to equipment response and finally to in-process state evolution. Note that the parameters
and results presented here are illustrative and not derived from real industrial data. They
are intended to showcase the organization and execution mechanism of the proposed
simulation method.

• Step 1: Cold/hot water regulation
The control parameters are set to 40% opening for the cold water valve and 70% for
the hot water valve. The system invokes the bound cold/hot water mixing model,
which calculates a mixed thermal water temperature of 53.38 ◦C.
This temperature is treated as the equipment response output, stored in the state cache,
and passed to the next step.

• Step 2: Heat exchange between thermal water and equipment
The computed thermal water temperature is passed into the heat exchanger conduction
model, which outputs a material-side heating temperature of 50.71 ◦C.
The system then invokes the slurry-heating model, which predicts a new slurry
temperature of 45.50 ◦C based on the initial slurry temperature of 27.00 ◦C and the
heating condition.
This value is recorded as the output in-process state for the current step.

• Step 3: Slurry state evolution
Finally, the slurry state evolution model is executed using the previously calculated
slurry outlet temperature (45.50 ◦C) and an initial viscosity of 2.30 Pa·s.
Under the given thermal condition and processing time, the model predicts a final
viscosity of 1.67 Pa·s.

After the simulation is completed, all outputs are written to a structured result record.
The actual console output (Figure 4) and its structured summary (Table 1) provide a
stepwise illustration of the run, from the control inputs, through the equipment responses,
to the in-process state updates at each step. Together, they demonstrate the input–output
coupling across modules under process-structured control and confirm the feasibility of
the PEI method for module decoupling, path control, and traceable state evolution.

The overall simulation accuracy at this stage depends on the predictive accuracy of
each trained E/I model. A systematic assessment of error propagation across the PEI chain
is left for future work.
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Figure 4. Console run of the PEI prototype, demonstrating stepwise simulation execution and
state evolution.

Table 1. Structured result record of the three-step case under the PEI execution.

Step Control Input (to E) Equipment Response Material State (Before → After)

1. Cold/Hot Mixing Valve = 40%/70% Mixed water = 53.38 ◦C – → –

2. Heat Exchange Water = 53.38 ◦C Heating temp = 50.71 ◦C Slurry temp = 27.00 ◦C → 45.50 ◦C

3. Slurry Evolution – – Viscosity = 2.30 Pa·s → 1.67 Pa·s

3.3. Model Realization Strategy

The core innovation of the PEI simulation method is its structured organization and
modular coordination, which distinguish it from conventional modeling approaches. Each
Equipment Behavior (E) or In-Process State (I) module is only required to complete a
defined input-to-output mapping, and its internal implementation can be flexibly selected
according to the application scenario.

Depending on data availability and engineering requirements, users may adopt one
of the following modeling strategies:

• Physics-based modeling, such as heat balance equations, thermal transfer formulas, or
empirically derived correlations.

• Data-driven modeling, including regression models, random forests, or neural networks.
• Hybrid modeling approaches, where basic physical structures are retained and en-

hanced using data-fitting or optimization techniques.

This strategy decouples model construction from the simulation framework, enabling a
simulation mechanism that is interchangeable, extensible, and schedulable. For example, in
the slurry heating module, one can either apply a first-order dynamic model to approximate
the thermal process or use a neural network trained on pilot data. Both models can be
seamlessly integrated into the PEI framework without affecting the simulation logic.

Thus, the PEI method focuses on standardizing simulation task scheduling rather than
constraining the modeling approach. This flexibility ensures broad engineering adaptability
and provides space for the integration of advanced algorithms.
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Implementation in a simplified process scenario demonstrates that the PEI method
offers a clear execution logic and strong engineering applicability, providing a robust
foundation for tasks such as process validation, parameter prediction, and state analysis
in process manufacturing systems. Future work will focus on enhancing model accuracy,
enabling adaptive configuration of process flows, and integrating with real-world industrial
data to further strengthen the method’s industrial adaptability and intelligent potential.

Despite its structural clarity and scheduling flexibility, the current implementation
of the PEI simulation method also faces several limitations. First, the method assumes
the availability of well-defined equipment and in-process models, which may not be
readily available in early-stage applications. Second, the dependency on manually defined
task sequences could limit scalability for highly dynamic systems. Third, the absence
of feedback loops in the current prototype limits its ability to support real-time process
correction or adaptation. Future work will aim to address these limitations by integrating
automated model generation, real-time data adaptation, and process feedback mechanisms.
Additionally, efforts will be made to enhance scalability, enabling the PEI framework to
support more complex industrial systems involving multiple units, parallel task flows, or
distributed simulations.

4. Conclusions
This paper presents the PEI simulation method for process manufacturing. It abstracts

the production workflow into three core modeling entities: Process Structure, Equipment
Behavior, and In-Process State. By employing a modular architecture and structure-driven
execution mechanism, the method establishes a full process simulation framework that is
composable, scalable, and schedulable. It supports node-level model binding, structure-
level execution control, and state-level traceability, addressing the limitations of traditional
approaches where process flows are fragmented, model coupling is unclear, and organiza-
tional mechanisms are lacking.

Despite these advantages, the current implementation also presents several limitations.
The method assumes the availability of well-defined equipment and in-process models,
which may not be readily available during early-stage system development. Additionally,
task sequencing is manually configured, limiting scalability in highly dynamic environ-
ments. The current prototype lacks real-time feedback integration, which restricts its use
in adaptive simulation or closed-loop control. Future efforts will focus on incorporating
automated model generation, feedback-driven execution logic, and broader compatibility
with industrial data sources to improve adaptability and deployment readiness.
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