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Introduction

1.1 Municipal Solid Waste Incineration (MSWI) Process and
Optimal Control

1.1.1 Description of MSWI Process

Currently, the global annual growth rate of municipal solid waste (MSW) has
surged from 8% to 10% [1]. MSW incineration (MSWI) technology plays a crucial
role as a waste-to-energy (WTE) method, providing an effective solution to the
environmental sustainability challenges associated with waste management [2].
As a typical industrial process [3], MSWI achieves WTE through a series of stages,
including fermentation, combustion, heat exchange, and gas cleaning [4]. In addi-
tion to meeting its own energy requirements, the MSWI process can generate var-
ious forms of energy, including electricity and heat [5]. Moreover, it helps mitigate
the risk of environmental pollution emissions. Studies have shown that the MSWI
process achieves significant results, with a mass reduction of up to 70%, a volume
reduction of 90%, and energy recovery reaching 19% [6,7]. Both developed and
developing countries worldwide have recognized the considerable economic
and environmental benefits of this process [8,9].
After half a century of development, the MSWI control system has undergone a

transformative shift toward large-scale, integrated, and intelligent operations. This
evolution is driven by the integration of automation, computer technology, and
artificial intelligence (AI) within complex industrial processes. Currently, most
MSWI plants utilize grate furnace incinerators, high-parameter boiler power
generation equipment, and advanced cumulative flue gas cleaning systems.
The primary goal is to support the low-carbon transformation of enterprises,
thereby enhancing economic efficiency and competitiveness [10]. However, the
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composition and generation of MSW are influenced by various uncertainties and
regional factors, including societal, economic, and environmental considerations
[11]. The deployment of large-scale operational equipment further complicates the
achievement of efficient and stable control over the MSWI process [12,13].
Figure 1.1 illustrates the process flow of the grate-type MSWI system in Beijing.
Figure 1.1 illustrates the MSWI process, which consists of six distinct stages:

solid waste fermentation, solid waste combustion, heat exchange, steam power
generation, flue gas cleaning, and flue gas emission. The main functions of each
stage are outlined as follows.

1) Solid waste fermentation stage: The original MSW undergoes biological fer-
mentation for 3–7 days in the MSW deposit pool to reduce its moisture content,
which would otherwise hinder combustion [14]. After fermentation, the MSW
reaches incineration readiness and is transferred to the hopper, fromwhere it is
pushed into the incinerator. This process is facilitated by the feeder, marking
the beginning of the solid waste combustion stage.

2) Solid waste combustion stage: The MSW is converted into high-temperature
flue gas and solid residues through the complex interactions of multiple
phases—solid, gas, and liquid—and various fields such as heat, force, and
energy. This stage is further subdivided into three key sub-stages such as dry-
ing, combustion, and burnout. Details are as follows.
a) Drying sub-stage: The total moisture content of MSW on the dry grate,

which includes both surface and internal moisture, significantly affects
its ignition. As the furnace temperature (FT) increases, surface moisture
gradually evaporates, reaching complete evaporation at 100 C. Simultane-
ously, internal moisture is released and absorbs additional heat as the tem-
perature continues to rise. As a result, the total moisture content of theMSW
is closely linked to its calorific value, which in turn has a significant impact
on the combustion process and the overall operational conditions of the
system.

b) Burning sub-stage: From the ignition of MSW to the intense luminescent
heating, and finally the completion of the oxidation reaction, the process
involves a series of complex reactions, including oxidation, pyrolysis, and
atomic group collisions. The oxidation reaction represents the comprehen-
sive interaction of the combustible components with oxygen. At the same
time, pyrolysis occurs under anaerobic or near-anaerobic conditions, where
thermal radiation energy breaks or reorganizes the chemical bonds in
carbon-containing polymer compounds, leading to the release of volatiles,
which are later oxidized. The atomic group collision reaction involves the
electronic energy transitions of atomic groups, accompanied by molecular
rotation and vibration, which produce infrared radiation, visible light, and
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ultraviolet light. These intricate reactions ultimately form the flame. Thus, the
combustion process is highly complex and variable, with strong coupling
between reactions and the simultaneous operation of multiple processes.

c) Burnout sub-stage: After combustion, the remaining combustible compo-
nents inMSWprimarily consist of coke. At high temperatures and in the pres-
ence of primary air, coke undergoes oxidation with O₂, as well as gasification
reactions with CO₂, water vapor, and other substances. Inert materials,
including gases like CO, H₂O, and ash, gradually accumulate as the MSW
on the grate is fully converted into ash. The combustion process weakens pro-
gressively until it ceases entirely [15]. As a result, this stage is characterized by
low flammability, an increasing concentration of inert substances, a relatively
high oxidant content, and a lower reaction zone temperature. Extending the
burnout phase is often effective in improving the thermal ignition reduction
rate of MSW and enhancing the level of reduction.

To ensure the complete decomposition and combustion of harmful substances
in the flue gas, the “3T+E” principle is commonly applied [16]. This principle sti-
pulates that the FT should exceed 850 C, the flue gas residence time must be
greater than two seconds, and the intensity of flue gas turbulence along with
the excess air coefficient should be maintained within optimal ranges.

3) Heat exchange stage: First, the high-temperature flue gas undergoes initial
cooling via the water wall. Next, heat is transferred to the boiler through a com-
bination of radiation and convection, involving key components such as the
superheater, evaporator, and economizer. In the boiler, water is transformed
into high-pressure superheated steam, which then enters the steam power gen-
eration phase. Finally, the flue gas temperature at the boiler outlet is rapidly
reduced to 200 C. Controlling the cooling rate during this stage is critical for
dioxins (DXN) generation concentration.

4) Flue gas cleaning stage: First, the selective non-catalytic reduction (SNCR) sys-
tem begins the removal of NOx at temperatures between 850 C and 1100 C.
Next, the semi-dry deacidification process effectively neutralizes acidic gases,
including HCl, HF, SO₂, and heavy metals, through the injection of lime
and water. Following this, activated carbon plays a key role in adsorbing
DXN and heavy metals present in the flue gas. Finally, the purification process
is completed as particulate matter, neutralizing agents, and adsorbed sub-
stances on activated carbon are removed by the bag filter.

5) Flue gas emission stage: In the flue gas emission stage, the discharged flue gas
complies with the national emission standards of various countries and is
released into the atmosphere through the chimney, assisted by the induced
draft fan. Currently, key environmental indicators of concern include pollu-
tants such as particulate matter, NOx, SO₂, HCl, and CO.

4 1 Introduction
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1.1.2 Control Mode in Developed and Developing Countries

The MSWI process achieves WTE through several stages, including fermentation,
combustion, heat exchange, power generation, and gas cleaning. The fermentation
stage involves a range of uncertain biological reactions, while the combustion stage
is characterized by high-temperature chemical reactions and complex, often unclear
interactions between solid, gas, and liquid phases, as well as heat flow fields. In the
heat exchangeandpowergeneration stage, thermal energy is converted intomechan-
ical and electrical energy. Gas cleaning stage employs physical and chemical princi-
ples to remove toxic and harmful substances from the flue gas. Therefore, theMSWI
process is characterized by multiple stages, factors, and complex mechanisms.
The “3T+E” principle ensures the effective decomposition and combustion of

harmful substancesduring thecombustionstage.Thisprinciple involvesmaintaining
FTs above 850 C, ensuring flue gas residence times of over two seconds, achieving
sufficient turbulence intensity, and optimizing the excess air coefficient. Building
on this principle, developed countries have identified key manipulated variables
(MVs), such as the feed rate, grate speed, and air flow volume, along with controlled
variables (CVs) like combustion line length, FT, fluegas oxygencontent (FGOC), and
steam flow. These countries have also developed automatic combustion control
(ACC) systems customized to their specific MSW characteristics and management
policies. However, the stable operation of these systems relies on the consistent com-
ponents and calorific value of theMSW.Therefore, analyzing the differences inMSW
components between developed and developing countries is essential.
The proportions of MSW components in different countries/regions are pre-

sented in Figure 1.2, based on the latest statistical data [17,18,19]. Beijing is used
as an example of MSW components in developing countries like China.
Figure 1.2 shows that the proportion of food waste in MSW is significantly

higher in developing countries compared to Japan, Europe, and North America,
based on long-term average statistical data. One reason for this is that the afore-
mentioned developed countries/regions began implementing MSW classification
in the mid-20th century, leading to a higher level of environmental awareness
among the public.
In contrast, developing countries like China are still refining their MSW classi-

fication policies and management systems, leading to greater uncertainty, lower
calorific values, and higher component volatility in collected MSW. Therefore,
the calorific value and stability of MSW in developing countries/regions are much
lower than those in developed countries/regions. That is to say, the calorific value
of MSW in the latter can be controlled to fluctuate within a smaller range. There-
fore, the developed ACC system is difficult to be effectively applied to developing
countries such as China. This leads to the manual control mode that is widely used
in China. The overview is shown in Figure 1.3.

1.1 Municipal Solid Waste Incineration (MSWI) Process and Optimal Control 5
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Themanual control mode, as shown in Figure 1.3, adopted by domain experts in
China, incorporates the principles of ACC systems. This approach addresses the
specific challenges posed by numerous uncertain factors and varied operational
demands in the MSWI processes of developing countries, thus forming an empir-
ical model. In practice, operators of mechanical grab buckets rely on their
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experience tomanageMSWdeposit pool partitioning. Bymixing and preparing the
MSW, they ensure that fermentation cycles meet standards and that the calorific
value of MSW entering the furnace remains stable. Feeding frequencies are
adjusted based on combustion flame video monitoring. Additionally, by predicting
future trends in CVs, such as combustion state, combustion line position,
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Figure 1.2 (Continued)
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FT distribution, and flue gas oxygen values, the operators of the programmable
logic controller (PLC)/distribute control system (DCS) set MVs for various stages,
including solid waste combustion, waste heat exchange, and flue gas cleaning,
drawing on their accumulated historical experience.
It is evident that the manual control mode relies on multimodal data – ranging

from structured process data to unstructured images, operation records text, and
even voice communications – to assess scene demands and adjust MVs accord-
ingly. This approach is grounded in a deep understanding of MSWI mechanisms
and accumulated historical experience. However, the model faces challenges such
as resource constraints among domain experts and disparities in domain experi-
ence. As a result, subjective decision-making can hinder the sustained stability
of MSWI power plants, potentially compromising the efficiency of pollution con-
trol and carbon reduction efforts in the MSWI process.
To overcome the limitations of the existing manual control mode in China, it is

crucial to develop an intelligent optimal control strategy based on mechanistic
knowledge and empirical data to focus on minimizing pollutant emissions and
improving combustion efficiency. A systematic analysis of the challenges in imple-
menting and applying optimal control strategies is necessary to address these
issues.

1.1.3 Difficulties in the Implementation of Optimal Control
and Application

1.1.3.1 Description of Optimal Control for Complex Industrial Process
1.1.3.1.1 Levels and Steps Description of the Industrial Operational Optimization

With the widespread adoption of large-scale industrial production and advance-
ments in automation and computer technology, many complex process industrial
plants have implemented PLC/DCSs, enterprise resource planning (ERP) systems,
and manufacturing execution systems (MESs). These technologies have signifi-
cantly improved management efficiency, increased production capacity, and
enhanced market competitiveness. In actual operations, enterprise managers, pro-
duction managers, operation management and process engineers, operators,
inspectors, and other domain experts leverage their respective domain knowledge
to optimize complex process industrial operations through a human–machine
cooperation mode [20], as illustrated in Figure 1.4.
As shown in Figure 1.4, the levels and steps of the complex process industrial

operational optimization are as follows:

1) Enterprise managers utilize ERP to access internal resources such as staffs,
finances, materials, organizational structures, and knowledge, as well as exter-
nal resources like industry trends, market conditions, and policies. With this

1.1 Municipal Solid Waste Incineration (MSWI) Process and Optimal Control 9
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information, theymake informed decisions on comprehensive production indi-
cators based on their experience.

2) Production manager accesses manufacturing data, production planning, sche-
duling, inventory, quality, cost, and other production-related information
through MES. Based on their experience, they determine the setpoint values

and acceptable fluctuation ranges for operational indicators r∗1, r
∗
2, r

∗
3, r

∗
4 ,

such as quality, efficiency, consumption, and environmental factors. Addition-
ally, using the setpoints of operational indicators provided by operation man-
agement and process engineers, the actual values {r1, r2, r3, r4} obtained
through laboratory analysis or online statistics, along with multimodal produc-
tion data gathered through visual, auditory, and tactile inputs (such as video

monitoring and inspection feedback), the setpoint values for CVs y∗1,…, y∗n
in PLC/DCSs are determined at various stages of the process. This is supported
by process mechanisms and experiential knowledge.
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3) Based on the error between the CV setpoint vector and the actual CV vector, the
PLC/DCS operates in either automatic or manual control mode, with operator
involvement. This ensures that the CV setpoints are followed and generates
the corresponding MVs. For example, in PLC/DCS, the setpoints and actual
values of CVs, as well as the output values of MVs, are denoted as

y∗n1,…, y∗nm , {yn1, …, ynm}, and {un1, …, unm}, respectively.
4) Finally, by applying differentMVs to various controlled processes, different CVs

are obtained, thereby regulating the operational indicators {r1, r2, r3, r4} – such
as quality, efficiency, consumption, and environmental factors – within the set-
point range for the complex industrial process.

1.1.3.1.2 Formal Description of the Industrial Operational Optimization

According to Figure 1.4, the goal of complex process industrial operation is to
maintain various operational indicators within the ranges while ensuring produc-
tion safety. This can be denoted as follows:

rmin
j ≤ rj t ≤ rmax

j , j = 1, 2, 3, 4 1 1

In detail, the goals include maximizing product quality r1(t) and efficiency indi-
cators r2(t) while minimizing consumption indicators r3(t) and pollutant emission
concentrations r4(t).
To develop effective operational optimization control algorithms for achieving

these objectives, it is essential first to construct a comprehensive process model
of the complex industrial system, encompassing both the controlled and opera-
tional processes. Taking the mth controlled variable of the nth controlled process

as an example, its dynamic model f Controllednm can be represented as,

ynm t = f Controllednm ynm t , unm t , dynm t 1 2

where dynm is the unknown disturbance of the dynamic model.
Furthermore, the dynamic model of complex industrial controlled processes

f Controlled( ) can be represented as,

y1 t , yn t = f Controlled y1 t , , yn t , u1 t , ,un t ,dy
nm t

1 3

Similarly, the dynamic model of operational indicators f Operational( ) can be
represented as,

r1 t , r2 t , r3 t , r4 t = f Operational r1 t , r2 t , r3 t , r4 t ,

y1 t , , yn t ,dr t
1 4

where dr(t) is the bounded unknown disturbances such as fluctuations in
material composition and equipment wear.

1.1 Municipal Solid Waste Incineration (MSWI) Process and Optimal Control 11
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Typically, the PLC/DCS incorporates an embedded proportional-integral-
derivative (PID) module for loop control. For specific single-loop control, the pri-
mary challenge is tracking the setpoint of the CV. When the input and output of
the controller, along with their corresponding change rates, are within a limited
range, minimizing the tracking error of the CV in the controlled process can be
formulated as the following optimization problem:

min J1 k =
1
k

k

t = 0

ynm t − y∗nm t
2

s t

ymin
nm ≤ ynm t ≤ ymax

nm

Δymin
nm ≤ ynm t − ynm t− 1 ≤ Δymax

nm

umin
nm ≤ unm t ≤ umax

nm

Δumin
nm ≤ unm t −unm t− 1 ≤ Δumax

nm

1 5

For complex industrial processes with intricate and unclear mechanisms, expe-
rienced operators can manually provide MV values instead of relying on PID con-
troller outputs, effectively using manual control mode. These operators possess
rich experience, strong perception, and cognitive intelligence. Replicating and
even surpassing these capabilities is undoubtedly the most effective and feasible
approach to achieving AI empowerment. However, the limited computing
resources and closed nature of PLC/DCSs make it challenging to support this
research. Therefore, this must be conducted on a higher layer with more powerful
computing resources, requiring support from edge-side servers. Additionally,
undisturbed data acquisition and reverse transmission must be carefully consid-
ered to ensure the safe operation of existing control systems.
Furthermore, while ensuring the safe and stable operation of complex industrial

processes, operation management and process engineers aim to maximize eco-
nomic benefits by considering multimodal information, actual operating indica-
tors, production plans, and other factors. This can be expressed as follows:

J2 t = f 2 max r1 t , r2 t ; min r3 t , r4 t 1 6

This requires operation management and process engineers to have a strong
understanding of the mechanism knowledge and extensive practical experience
to effectively meet the goals set by production managers, particularly in the face
of dynamic changes and significant delays in multiple conflicting operational indi-
cators. Clearly, the manual control mode is inadequate for meeting long-term
operational optimization needs due to varying levels of experience and response

12 1 Introduction
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delays. Therefore, leveraging the powerful computing capabilities of cloud-side
servers is crucial to addressing these challenges using AI optimization algorithms.
The research on AI optimization algorithms that replicate the comprehensive

production and operational indicators established by experts in ERP andMES inte-
gration levels for enterprise and production managers is not covered in this book
and will not be discussed further here.

1.1.3.2 Requirements of the MSWI Process in Academic Research and
Industrial Applications

From the perspective of control disciplines, both in academic research and indus-
trial application, Figure 1.5 illustrates the requirements and relationships among
the MSWI process control object, AI-based modeling and monitoring, AI-based
control and optimization, and AI algorithm validation using a hardware-in-loop
simulation platform.

Real MSWI controlled object

Real flame

video data

Real process

data

Virtual MSWI controlled object

Numerical simulation model Mechanism knowledge model

Knowledge, data, and mechanisms driven digital twin (DT) model

Historical flame video dataHistorical process data

Controlled object of the MSWI process

AI algorithm validation based on hardware-in-loop simulation platform

AI-based modeling and monitoring

Economic objective optimization

Environmental objective optimization

Product quality objective optimization

Multiple scale and multiple conflict objective

optimization
……

AI-based control and optimization

Environmental indicator (EI) modeling

Controlled variable (CV) modeling

Manipulated variable (MV) modeling

……

Auxiliary variable modeling

Flame combustion state monitoring

Environmental indicator risk warning

……

Operating condition monitoring

Basic loop and logic control in PLC/DCS

Advanced process control in different locations

Manual control mode based on domain experts
……

Actuators, devices, sensors

Figure 1.5 Requirements and relationships in academic research and industrial
applications
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The descriptions of the different parts in Figure 1.5 are as follows:

1) The MSWI controlled object is central to AI algorithm research and practical
applications, encompassing both real and virtual MSWI controlled objects.
The former uses actual actuators, devices, and sensors to validate AI algo-
rithms, while the latter involves constructing mechanism knowledge models,
numerical simulation models, and a hybrid-driven digital twin (DT) model that
integrates knowledge, data, and mechanisms based on historical data by the
former.

2) AI-based modeling and monitoring consists of two main components: model-
ing and monitoring. The modeling component involves research on environ-
mental indicators (EIs), CVs, MVs, and auxiliary variables (AVs), while the
monitoring component focuses on flame combustion state recognition, envi-
ronmental indicator risk warnings, and operational status monitoring.

3) AI-based control and optimization consists of two main components: optimi-
zation and control. The optimization component, supported by AI-based mod-
eling and monitoring, aims to optimize multiscale, multi-objective tasks, such
as environmental protection, economic efficiency, and product quality. The
control component leverages AI-based modeling, monitoring, and optimiza-
tion to achieve closed-loop control of MSWI controlled objects through
advanced process control at various locations, basic loop and logic control in
PLC/DCSs, and manual control based on domain expert input.

4) AI algorithm validation using a hardware-in-loop simulation platform enables
offline research and verification of AI algorithms before their practical applica-
tion in the actual MSWI process.

5) Therefore, meeting the MSWI process requirements that simultaneously align
with both academic research and industrial applications is challenging to
achieve in the short term. This is a problem that demands continuous and
in-depth research to address.

1.1.3.3 Difficulties of AI Algorithm Research and Validation for
MSWI Processes

Implementing intelligent optimization control of MSWI processes based on AI
algorithms to accommodate the regional characteristics of developing countries
is a challenging task. The key challenges that need to be addressed in both acade-
mia and industry are as follows:

1) Controlled object modeling of the combustion process. The precise construc-
tion of the controlled object model is typically the foundation for research
on industrial process intelligent control. Key elements in establishing a com-
bustion process controlled object model include an accurate description of
the combustion mechanism, a clear understanding of the fluctuation range

14 1 Introduction
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of combustion boundary conditions, and complete data on the combustion
process under multiple conditions. However, the complexity of the combustion
mechanism and the varying levels of expertise among field professionals lead to
complex and diverse operating conditions in real-world processes, making it
difficult to construct accurate mechanistic models or comprehensive data-
driven models.

2) Self-organized intelligent control of the combustion process. The core chal-
lenge lies in ensuring stable combustion through effective “air distribution
and material distribution” operation with the primary CVs being FGOC, FT,
steam flow rate, and combustion line. In addition to the variability of MSW
components and the uncertainty of calorific value, which act as significant
interference factors, long-term uninterrupted operation, equipment wear,
and periodic maintenance also contribute to these disturbances. Furthermore,
the combustion line, as a key CV, can only be estimated based on the experi-
ence of domain experts, which greatly limits the intelligence control of combus-
tion stage. The strong coupling relationships and long time delays among MVs,
CVs, and between MVs and CVs require the controller to have self-organizing
structures and adaptive parameter capabilities to suppress these interferences.

3) Operational indicators real-time monitoring. The relevant indicators include
EIs such as pollutant and greenhouse gas emission concentrations, product
indicators like fly ash production, slag thermal reduction rate, combustion effi-
ciency, and organic matter removal rate, as well as economic indicators such as
MSW treatment fees and grid-connected power generation.While conventional
pollutants and greenhouse gases can be detected online in real-time using con-
tinuous emission monitoring systems (CEMSs), other operational indicators
remain difficult to measure online due to technical or cost constraints. The long
time delays associated with offline laboratory testing hinder the optimization of
overall process operation. Moreover, constructing soft sensing models with
these data faces challenges, including sparse labeled samples, imbalancedmod-
eling samples, and unknown expected distributions.

4) Operation status perception and abnormal monitoring. Currently, abnormal
monitoring based on domain experts’ cognitive experience is inefficient and
prone to false positives and false negatives, making it challenging to identify
the underlying factors causing abnormalities. In addition to the difficulty in
extracting and quantifying knowledge from process data, especially with fre-
quent changes in operating conditions, domain experts also struggle to model
the knowledge extraction mechanism related to combustion flames. The vari-
ability of feed components, uncertainty in calorific value fluctuations, and
dynamic time-varying factors due to equipment wear, irregular maintenance,
and other influences make it difficult to achieve intelligent perception and
abnormal monitoring of MSWI process operation status, even for experienced
domain experts.
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5) Whole-process collaborative optimization operation. The optimization goal of
the MSWI process is “reduction, low emissions, and revenue generation,”
which involves increasing the MSW reduction ratio (reduction), lowering
the emission concentration of pollutants (low emissions), and enhancing the
economic benefits of WTE (revenue generation). These operational indicators
not only conflict and constrain each other but also exhibit dynamic time-
varying characteristics and span multiple temporal and spatial scales. They
are linked to several relatively independent processes, such as fermentation,
combustion, and cleaning. Furthermore, the diversity of raw material sources,
the complexity of their components, and the variability and frequency of oper-
ating conditions during the incineration process all contribute to the challenge
of achieving collaborative optimization across the whole system.

6) AI algorithm verification simulation platform. Algorithms developed for intel-
ligent optimization control in the process industry must undergo rigorous val-
idation and testing before being applied in actual engineering. This requires the
use of high-reliability evaluation techniques to assess both the expected out-
comes and the potential risks of implementation. The inherent characteristics
of the MSWI process—such as multiple variables, strong coupling, high non-
linearity, and uncertainty—along with the need for operational safety, infor-
mation confidentiality, and economic efficiency at industrial sites, make it
challenging to debug and test newly developed AI technologies in real-world
processes. The primary challenge is to develop a modular simulation verifica-
tion platform that can collect a wide range of physical quantities, time scales,
data sources, andmultimodal data. This platform should allow for safe isolation
between different components and simulate the real MSWI process effectively.

To address the research challenges, it is essential to first examine the current
state of academic research and industrial applications of AI algorithms for oper-
ational optimization in the MSWI process.

1.1.4 Development of Optimal Control Research Based on
Artificial Intelligence (AI)

Recently, AI has become the primary catalyst for intelligent manufacturing, with
widespread integration across various industries, including metallurgy, petro-
chemicals, and energy [21, 22, 23]. The evolution from the third industrial revo-
lution, characterized by automation, is now progressing into the fourth
industrial revolution, commonly referred to as Industry 4.0 [24,25]. This new
phase is marked by the seamless integration of AI technologies. In response to
the demands of industrialization and automation, industrial sites deploy numer-
ous sensors to collect diverse process data [26]. At the same time, advancements in
the Internet of Things (IoT), cloud computing, and big data analytics significantly
enhance the potential for integrating AI into industrial processes [27,28].
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These AI algorithms application in MSWI process include neural networks
(NNs), support vector machines (SVMs), principal component analysis (PCA),
tree-based models, fuzzy logic (FL), particle swarm optimization (PSO), and deep
learning.
NN-based methods are the most popular due to their robust learning capabil-

ities, which make them applicable to various tasks such as modeling, monitoring,
control, and optimization. Additionally, the flexible structure of NN allows for
adjustments based on specific operational requirements and conditions. While
tree-based models and SVM methods were proposed earlier, their application to
theMSWI process began only in 2017. Furthermore, PCA is used for feature extrac-
tion in modeling and concept drift detection in monitoring, although its practical
applications remain relatively limited.
FL-based methods are well-known for their effectiveness in modeling and con-

trolling complex industrial processes. As a result, FL has been applied in theMSWI
process since 1989. Between 2003 and 2005, it became one of themost popular con-
trol methods and was later expanded to maintenance and modeling within the
MSWI process. However, research on FL has gradually declined in recent years,
likely due to the rise of NN and other methods. In response to this trend, research-
ers have introduced the fuzzy neural network (FNN) method, which seamlessly
combines FL and NN.
PSO is an evolutionary algorithm categorized under metaheuristic methods.

These methods are effective in searching for optimal parameters for models and
controllers in the MSWI process. However, the application of metaheuristic meth-
ods is limited by factors such as randomness and time costs. Deep learning (DL) is
relatively new compared to other methods. Its application in the MSWI process
gained momentum in 2021 and 2022 and is expected to see rapid growth in future
studies.
These AI algorithms for the MSWI process can be categorized into AI-based

modeling and monitoring and AI-based control and optimization. The details
are presented in the following subsections.

1.2 AI-Based Modeling and Monitoring

1.2.1 Numerical Simulation Modeling

1.2.1.1 Brief Description of Numerical Simulation for MSWI Processes

Operating under optimized conditions for extended periods is challenging for the
MSWI process due to the uncertainty in MSW composition and frequent fluctua-
tions in operational conditions. A customized numerical simulation model can be
used to account for these varying conditions, ensuring the safe operation of actual
MSWI power plants.
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Early attempts to simulate the incinerator date back to the 1970s, aimed at
exploring the combustion process. The combustion area inside the incinerator
was divided [29], followed by a numerical simulation of a fixed combustion bed
[30]. In [15], the physical and chemical changes of the MSW during bed combus-
tion were analyzed. The study established the mass, momentum, and heat transfer
control equations and developed the fluid dynamic incinerator code (FLIC)
software.
Furthermore, computational fluid dynamics (CFD) techniques have been used

to simulate the influence of secondary air and incinerator structure on the MSWI
process [31]. The combustion area is divided into the solid-phase MSW area on the
grate and the gas component area in the combustion chamber [32]. The solid-
phase combustion model on the grate allows for the study of MSW characteristics,
operating parameters, and other design factors. The discrete element method
(DEM) has recently been employed to simulate the solid-phase MSW combustion
[33], while Fluent is used to simulate the combustion of gas components. How-
ever, these studies focus solely on simulating the process within the incinerator.
Another commercial software, Aspen Plus, can facilitate simulations based on

mass and energy conservation principles in terms of a macro perspective. Numer-
ous investigations have been conducted to simulate various industrial processes
from both micro and macro perspectives. In the petrochemical industry, Fluent
and Aspen Plus were used to simulate the convection section of the ethylene crack-
ing furnace and perform regional coupling [34]. The parameters of the C2 hydro-
genation reactor model were adjusted using actual operating data to align the
numerical simulation with real-world conditions. In the discrete industry, a work-
shop management and control system from the perspectives of system function,
architecture, and simulation analysis was designed [35], and a framework for
spacecraft system engineering based on DTs was proposed [36]. However, similar
research has not been reported for theMSWI process in grate-type furnaces. There-
fore, creating a customized numerical simulation that closely matches actual oper-
ating conditions is crucial. This would enable real-time simulation of the
combustion process in the furnace and validate the optimized control algorithms
developed offline, ensuring both the safety and optimal performance of the MSWI
process.
Several reviews have been conducted on numerical simulations in fields with

similar backgrounds. The numerical simulations of falling film evaporation out-
side horizontal tubes using CFD were summarized [37]. Other numerical simula-
tion applications include sewage treatment [38], flight safety [9], ship–ice
interaction [40], and pneumatic conveying [41]. Additionally, recent reviews have
focused on combustion simulations in circulating fluidized bed reactors and rotat-
ing packed beds using CFD [42,43]. Many reviews of the MSWI process have
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concentrated on topics such as fly ash, heavymetals, and dioxins [44–50]. Based on
the research achievements in these fields, we classify the numerical simulation of
the MSWI process into two categories: those based on commercial software and
those utilizing self-developed software. The details are provided in the following
subsections.

1.2.1.2 Based on Commercial Software
1.2.1.2.1 Based on Fluent Software

The combustion stage can be divided into two parts: the combustion of solid-phase
MSW on the grate and the combustion of gas components in the combustion
chamber. Fluent is primarily used for simulating flue gas flow and heat transfer
in the latter part. There are four modes in Fluent software to complete the numer-
ical simulation of MSW combustion.

Based on Fluent Software and ActualMeasured Value Thismethod uses experimen-
tally measured values, such as gas velocity, temperature, and composition on the
surface of the grate, as inputs for Fluent in simulating gas component combustion.
Experimental research and numerical simulations of a grate incinerator were con-
ducted [51], and the data on the grate were obtained through actual measure-
ments. These values serve as boundary conditions for gas component
combustion. Additionally, gas composition distribution data from [52] were used
to simulate combustion in the incinerator. Furthermore, [53,54] all adopt this
method. The advantages of this approach include that the simulation results
are closely aligned with actual operating conditions. However, the drawbacks
are that experimental measurements are expensive, and the data are specific to
certain incineration conditions, limiting the application range.

Based on Fluent Software and its User-defined Functions (UDFs) This method treats
the solid-phase MSW on the grate as particulate matters (PMs) with uniform phys-
ical properties [55]. When the flame heat is transferred to the grate, the MSW
undergoes various types of reactions. Each sub-reaction is compiled in a UDF
and imported into Fluent. Additionally, the combustion of biomass is simulated
by considering fuel drying, pyrolysis, and char oxidation processes, which are cal-
culated in the UDF [56]. However, the gas composition produced from the solid-
phase combustion on the grate is assumed to be independent of temperature [57],
and the PMs are is treated as homogeneous, with temperature gradients being
neglected [58].

Based on Fluent Software with Continuum Model The continuum model assumes
that the solid-phase MSW on the grate consists of uniform PMs. These PMs,
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regardless of their different shapes and sizes, are all treated as spherical particles.
As a result, temperature, gas composition, and solid composition are described as
continuous spatial functions. This approach is simple to use, captures the basic
information of radiant heat flux, and does not require precise boundary conditions.
However, it overlooks the temperature and elemental concentration gradients
within the particles, as well as the interactions among parameters in the horizontal
direction. Additionally, this model is not suitable for describing hot and thick PMs
with large temperature gradients.
In the FLIC software, the solid-phase MSW is treated as a continuum model.

Using the obtained temperature, velocity, and concentration of each component,
FLIC and Fluent are coupled. The temperature, velocity, and gas concentration
calculated by FLIC serve as the inlet boundary conditions for simulating the
gas flow field in Fluent. Conversely, the simulation results from Fluent are used
to calculate the radiation flux incident on the waste bed model. A cycle of the
coupled simulation is completed by modeling the MSW combustion on the grate
and the combustion of gas components in the combustion chamber. This process is
repeated until the radiant heat flux distribution in the combustion chamber stabi-
lizes, indicating convergence between the two models. This method has been
widely used to study the MSWI process and its related parameters [31, 35, 59,
60, 61, 62, 63, 64, 65, 66, 67].

Coupling Fluent Software with Discrete Element Method (DEM) The use of the
DEM to simulate MSW combustion on the grate has been proposed [68]. This
approach approximates the MSW on the grate as spherical particles. Additionally,
the method of coupling Fluent with DEM is employed to simulate the entire incin-
eration process [168]. Each PM on the grate is assumed to undergo various
changes, such as drying, devolatilization, and carbon burnout. As a result, this
method can handle hot and thick particles and capture the dynamic characteristics
of a single PM. However, the number of PMs on the grate is very large, leading to
excessively long computation times for the simulation. Furthermore, the PMs have
various shapes and sizes, which complicates the simulation. This obviously neces-
sitates more in-depth research and more powerful computing resources to support
such numerical simulations.

1.2.1.2.2 Based on Aspen Plus Software

Based on the simulation objectives, numerical simulation model using Aspen Plus
can be categorized into four main areas: optimizing the MSWI process flow,
improving power generation efficiency, enhancing economic benefits, and analyz-
ing optimized parameters. The details are as follows:
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1) Optimizing the MSWI process flow: A numerical simulation model for air
incineration and O2/CO2 incineration technologies was established using the
block modeling method [170]. However, the incineration process is simplified
into two subprocesses: pyrolysis and pyrolysis product combustion. Addition-
ally, the impact of PM size on combustion is neglected. A simulation of the flue
gas deacidification process in a pure oxygen melting system showed that the
efficiency of HCl and SO2 removal approaches 100%, with denitrification effi-
ciency reaching 93% [69]. A simplifiedmethod for simulating combustion oper-
ation and flue gas treatment has also been proposed [70].

2) Improving power generation efficiency: Electrical energy generation simula-
tions indicate that reducing moisture content can enhance power generation
efficiency [71]. Furthermore, simulations exploring power generation effi-
ciency improvements using strategies such as air heater rearrangement,
reheater introduction, flue gas condensation, and comprehensive gasification
have been conducted [72]. Four different flue gas cleaning processes were sim-
ulated to compare their impact on power generation efficiency [73].

3) Enhancing economic benefits: Different strategies were simulated to evaluate
the efficiency of MSWI power plants [74], demonstrating that a combination
strategy of waste gasification, gas boilers, and flue gas condensation yields
the highest efficiency.

4) Analyzing optimized parameters: Simulations examining the effect of temper-
ature and moisture content on carbon conversion and cooling efficiency
revealed that increased moisture content leads to a decrease in the concentra-
tion of combustible components and gasification efficiency [75]. A numerical
simulation model for an MSW fixed-bed gasifier was developed to analyze gas-
ification process performance under various operating parameters [76].

Although simulation model based on Aspen Plus offers fast simulation speeds, it
has several drawbacks, including limited visualization capabilities and difficulty in
accurately simulating solid-phase combustion processes. Additionally, these stud-
ies face challenges in effectively supporting research on pollution reduction and
operational optimization for real MSWI power plants.

1.2.1.2.3 Based on Other Software

The non-mainstream approaches using other software have also garnered increas-
ing attention. For instance, DEM and ANSYS CFX are combined to simulate both
solid-phase and gas-phase combustion [77]. A simulation model of a moving grate
is developed using Phoenics software [78], which focuses solely on simulating the
solid-phase combustion on the grate.
Therefore, numerical simulation methods based on commercial software have

gained widespread use. However, the types of models embedded in different
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software are often limited. For example, most Fluent-based simulations primarily
focus on gas-phase combustion. To simulate solid-phase combustion on the grate,
techniques like UDF or FLICmust be employed. Simulations based on Aspen Plus
encompass the entire MSWI process and are mainly used during the design phase
of MSWI plants. However, they cannot analyze the effects of key operating vari-
ables such as grate speed. Consequently, the reliability and stability of other soft-
ware tools need to be gradually verified.

1.2.1.3 Based on Self-developed Software

To simulate the solid-phase MSW combustion on the grate, a two-dimensional
steady-state model is proposed [79], which is solved using the finite element anal-
ysis method after discretizing the partial differential equations. A specific equation
is employed to solve the pressure–velocity coupling and to adapt to the shrinking
cell height.
Overall, numerical simulations based on self-developed software can avoid cer-

tain limitations, such as the restricted types of embedded models. However, their
range of application is often narrow, and their reliability requires extended periods
of verification. Consequently, self-developed software can be useful in enhancing
commercial software over the long term. The development of specialized numer-
ical simulation software for the MSWI process is also essential.

1.2.1.4 Difficulties of Numerical Simulation Modeling
1.2.1.4.1 Mechanism Analysis Combined with Numerical Simulation

The MSWI process involves complex physical and chemical reactions, with fluc-
tuating and uncertain component properties, as well as the mutual influence of
multiple MVs and CVs. As a result, establishing precise mathematical models is
challenging. Therefore, combining different numerical simulation models is
essential for facilitating mechanism analysis.
Mechanism analysis based on numerical simulation has been successfully

applied in various related fields. For instance, a numerical simulation of the eth-
ylene glycol production process was established using Aspen Plus [80], which
examined the dynamic response of the desorption tower based on changes in feed,
feed components, and reboiler heating value. Similarly, Aspen Plus has been used
to analyze pollution emissions and alternative fuel utilization [81]. In biomass
combustion, numerical simulations established by Aspen Plus have been used
to analyze NOx emissions [82]. Additionally, the numerical simulation model of
the hydrogenation reactor, developed with HYSYS, combines process mechanisms
to assist in industrial process modeling. The three-dimensional pressure field in
the pressure energy exchanger, based on Fluent, provides effective support for
studying the end-surface liquid film model [83]. Similarly, Fluent-based
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simulations have been used to analyze factors affecting the heat absorption of fur-
nace tubes and the location of the reflux zone [34].
These approaches can contribute to the research on the combustion mechanism

analysis of the MSWI process. However, performing an effective numerical simu-
lation that can support the mechanism analysis of the actual MSWI process
remains an open challenge.

1.2.1.4.2 Numerical Simulation for the Whole MSWI Process

The MSWI process encompasses fermentation, combustion, heat exchange, and
gas cleaning. Establishing a numerical simulation for the entire complex industrial
process, tailored to specific user needs, using a single commercial software package
is challenging [84]. However, by combining the strengths of different software
tools, a comprehensive numerical simulation of the entire process can be achieved
with customized interface functions.
The approach of building numerical simulations using multiple software tools

has been successfully applied in other related fields. For example, Aspen Plus
and CFD are coupled to simulate the pyrolysis process of biomass [85], where
CFD simulations are performed by selectively importing Aspen Plus results as
inputs. Similarly, a coupled model based on Fluent, Modefrontier, and MATLAB
has been constructed [86]. CFD and Aspen Plus have been used together to sim-
ulate the exchange esterification process [87]. Aspen Plus andMATLAB have been
combined for the organic solvent nanofiltration process [88]. Additionally,
MATLAB and HYSYS have been integrated to optimize industrial processes [89].
Establishing a numerical simulation for the entire MSWI process by combining

multiple software tools, while incorporating the MSWI mechanism, remains an
ongoing challenge.

1.2.1.4.3 Matching the Numerical Simulation Results with the Actual
Process Data

The variables used in the numerical simulation, such as MVs, are significantly
fewer than those in the actual MSWI process. Although numerical simulation
models are constructed based on the physical parameters and operational data
of actual MSW processes, these models often fail to effectively reflect the real-time
status of the MSWI process. Moreover, many of the numerical simulation para-
meters are based on default values or assumptions. Therefore, combining the
numerical simulation parameters with actual MSWI parameters and enabling
dynamic, real-time interaction remains an unresolved challenge. Further research
is needed to integrate machine learning, AI, incineration mechanisms, and
domain expert knowledge to address these issues.
Studies on aligning the results of numerical simulations with actual industrial

process data have been proposed in various related fields. For example, an
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integrated process model has been developed using Aspen Plus, incorporating
empirical knowledge, optimization algorithms, and mechanism modeling [90].
This ensures consistency between simulation results and real-world operations.
Additionally, the kinetic parameters of the C2 hydrogenation reaction are cali-
brated using a least squares algorithm with industrial process data, facilitating
real-time communication between HYSYS and MATLAB [91]. In other cases,
numerical simulation models have been calibrated using actual industrial data,
with reaction kinetics and inactivation models being fitted with industrial data
using a genetic algorithm [92].
These studies indicate that there are few efforts to calibrate MSWI simulations

based on actual process data. However, the methodologies discussed above can
provide valuable insights for aligning numerical simulations with actual data in
the MSWI process.

1.2.1.5 Digital Twin (DT) Model Construction for MSWI

The DT model can provide valuable support for the intelligent optimization and
control of complex industrial processes [93]. However, studies on the DT model
for the MSWI process are currently lacking.
Several issues must be addressed when applying DT to MSWI, such as real-time

interaction methods, operation of numerical simulation models, input/output
management of the DT model, authenticity evaluation, and feedback calibration.
Most successful DT-based studies have focused on discrete manufacturing indus-
tries. For example, DT-based system software, which includes the design and
implementation of system functions, system architecture, and simulation analysis,
is developed with consideration for workshop production processes [35]. An over-
all model and application framework for spacecraft system engineering based on
DT is proposed [36]. Additionally, a DT model of the cutting process is introduced
[94], providing details on its concept, components, functions, and operational flow
to support optimization, decision-making, and tool usage precision.
The modeling methods for creating virtual models are discussed in [95], and the

mechanism for connecting the physical production system at the workshop level to
its mirrored virtual model is described. A DT modeling method based on the prin-
ciples of bionics has been recently proposed for the manufacturing process of avia-
tion parts [96]. Furthermore, a digital and physical spaces framework has been
proposed [97], which accounts for updates when the performance of the model
degrades. Other application scenarios for the DTmodel include manufacturing pro-
cesses [98,99], smart cities [100], complex equipment [101], and healthcare [102].
Studies on the application of DT models to the MSWI process are increasingly

available. Both offline and online modes should be used for constructing the DT
model. The offline mode can be developed by coupling multiple numerical simu-
lation models, utilizing existing commercial software and high-performance
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computational hardware. Software tools such as DEM, FLIC, Fluent, and Aspen
Plus can be coupled to facilitate offline modeling. However, a fast and low-
energy-consuming online DT model is necessary for interaction with the actual
MSWI process. This onlinemodel can be created by building an agent-basedmodel
from the offline mode using machine learning algorithms.
Existing data security isolation and acquisition technologies can support the

implementation of such models, considering the actual data acquisition and pre-
processing needs due to the closed nature of the DCS and the safety requirements
of the MSWI process. These technologies can also aid in feedback calibration,
enabling effective interaction between the DT model and the MSWI process.
However, before applying the DT model to the real MSWI process, a hardware-

in-loop platform should be developed to simulate the actual MSWI process. As a
result, significant research has been conducted on the application of DT models to
the actual MSWI process.
Figure 1.6 illustrates the relationship among the incineration mechanism, the

actual MSWI process, human brain cognitive theory, the challenges in numerical
simulation, and DT model construction.
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Figure 1.6 Relationship between the incineration mechanism, the actual MSWI process,
human brain cognitive theory, numerical simulation challenges, and DTmodel construction.
[103] / John Wiley & Sons / CC BY 4.0
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Therefore, it is essential to integrate human brain cognition theory and AI
algorithms with the mechanisms of the actual industrial process to construct a
DT model of the MSWI process [103].

1.2.2 Combustion Process Modeling

Typically, complex industrial processes use historical data to construct models of
controlled objects for validating intelligent control algorithms [104, 105, 106, 107].
This subsection is further divided into two parts: key CVs and AVs.

1.2.2.1 Key Controlled Variables (CVs) Modeling

Key CVs in the combustion process include furnace temperature (FT), flue gas
oxygen content (FGOC), boiler steam flow (BSF), and combustion line position
[108]. These models can be classified into two types: multi-input single-output
(MISO) and multi-input multi-output (MIMO).
For FT, it is typically measured using a thermocouple, serving as a critical

parameter to characterize the stability of the combustion process and directly
influencing pollutant emission concentrations [109,110]. Developing a controlled
FT model is a crucial prerequisite for achieving stable control and validating algo-
rithms [111,112]. Existing studies on data-driven models include multi-model
intelligent combinations [113], FNN, and least squares support vector regression
(LS-SVR) [114]. However, these studies primarily focus on a single operating con-
dition within a narrow range, highlighting the need for improved adaptability.
For FGOC, it refers to the coefficient of excess air, which can help characterize

the combustion status to some extent. Measurement points for FGOC are typically
located at the outlet of the waste heat boiler (Flue Gas1) and the chimney (Flue
Gas3). A weighted PCA and an improved long short-term memory (LSTM) net-
work strategy is used to construct a prediction model for the Flue Gas3 location
[115]. However, further improvements are needed in terms of modeling accuracy.
For BSF, it determines the recovery efficiency of the waste heat boiler and the

power generation of the steam turbine [116]. Studies on prediction models for BSF
include adopting a radial basis function (RBF) NN with adaptive Kalman filter
parameter updating [111], using RBF based on the average influence value algo-
rithm for feature selection [117], and employing the LSTM algorithm [118].
The aforementioned studies primarily rely on data-driven methods to construct

MISO soft sensing or prediction models, which are not control-oriented models
for controlled objects. As a result, these models face challenges in supporting
the development of optimal control algorithms.
As a typical MIMO system, the coupling between MVs and CVs in the combus-

tion process is significant. For FGOC and BSF, an auto-regressive with extra Inputs
(ARX) model has been constructed [119]. Additionally, Ding et al. [120] developed
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a T-S FNN model for FT, FGOC, and BSF. While these studies contribute to the
research on optimal control, they face challenges such as poor modeling accuracy
and unresolved issues regarding the model’s adaptability under various operating
conditions.
Based on existing studies of other industrial processes [121,122], the nonlinear

and strong coupling characteristics of the combustion process necessitate in-depth
research on the MIMO-controlled object model of the MSWI process. Moreover,
future research should focus on its adaptability to complex operating conditions.

1.2.2.2 Auxiliary Variables (AVs) Modeling

The stability of the combustion process is influenced by numerous AVs. However,
this study specifically focuses on the calorific value of MSW and the thickness of
the MSW layer.
The calorific value of MSW directly influences the selection of manipulation

strategies, including decisions regarding the addition of auxiliary fuel and its quan-
tity. It also impacts the operation, maintenance, management, and economic ben-
efits of enterprises [123,124]. Due to the difficulty of direct detection, heat balance
mechanisms are employed [125,126]. To overcome the unclear mechanisms, a soft
sensing model based on process data is constructed [127]. Subsequently, various
data-driven models have been proposed, such as the backpropagation neural net-
work (BPNN) [128, 129, 130], L-M BPNN [131], RBF [128], adaptive network-
based fuzzy inference system (ANFIS) [128], and FNN [132]. Non-NN soft sensing
models, such as SVM [133], LS-SVM [134], and random forest (RF) [133], are also
used to build soft sensor models. A comparison study of artificial neural networks
(ANNs), ANFIS, SVM, and RF showed that ANFIS exhibited the best performance,
followed by RF, while ANN was less effective [133]. Recently, a real-time soft sen-
singmodel based on deep learning and image recognition has been proposed [135].
However, the true samples used to construct such a soft sensing model present
challenges, including high acquisition costs, sparse samples, and a limited range
of operating conditions. Enhancing generalization performance by combining
modeling data characteristics remains an open issue.
The thickness of the MSW layer changes dynamically during the combustion

process and is closely related to the calorific value of MSW. It is also considered
a CV in some control strategies. While nuclear instruments can be used for direct
detection, they present challenges such as high costs, complicated maintenance,
and limited practicality. Similar to the calorific value of MSW, obtaining the true
value of the MSW layer’s thickness is difficult. Therefore, soft sensing models for
its detection primarily rely on indirect calculations using data such as air pressure,
air volume, negative pressure, and grate area, taking into account physical proper-
ties [136]. As a result, further research is needed to develop more accurate and eco-
nomical real-time detection methods in the future.
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1.2.3 Operational Indicators Modeling

1.2.3.1 Environmental Indicators (EIs) Modeling

The EIs can be divided into two types. The first type consists of those that can be
detected online using CEMS, such as particulate matter, NOx, SO2, HCl, HF, and
CO2. The second type includes those that are difficult to measure, such as the
emission concentrations of toxic heavy metals and organic pollutants like DXN
and volatile organic compounds (VOCs). The emission concentrations of these
difficult-to-measure indicators are primarily determined through offline labora-
tory analysis [137]. Therefore, this subsection is divided into two categories: the
prediction models for easily detectable indices and the soft sensing models for
difficult-to-detect indices.

1.2.3.1.1 Prediction Model for Easily Detectable EIs

Considering the reliability of the CEMS and the need for intelligent optimal con-
trol, it is crucial to develop a prediction model for easily detectable indices.
For NOx emissions, a system identification model was initially developed in

[138] and used its output as a feedback signal to control the amount of NH3

injected. Additionally, a multi-transfer model of NOx emissions, with FGOC
and secondary air volume as inputs, was established using continuous-time system
identification [139]. Subsequently, prediction models were built using BPNN
[140], RBF [141], and LSTM [142] algorithms. However, practical verification of
these models in actual MSWI plants has yet to be conducted.
Carbon monoxide (CO) is a toxic gas that must be strictly controlled [143]. Addi-

tionally, CO concentration is directly related to DXN emissions [144], with the lat-
ter exhibiting a noticeable spike phenomenon in its half-hour average. Zhang et al.
[145] proposed a CO emission prediction method based on reduced-depth features
and an LSTM optimization strategy, which includes particle design, fitness func-
tion design, and optimization through PSO. The results show that the aforemen-
tioned prediction models can effectively predict EIs in specific scenarios.
Unfortunately, predictionmodels for particulate matter and acidic gases, such as

HCl and HF, have not yet been reported [146]. Most existing studies have
employed software tools, such as CFD, for numerical simulations [147,148], which
have then supported process design optimization and mechanism analysis. Nota-
bly, studies on carbon emissions in the MSWI process remain unreported.

1.2.3.1.2 Soft Sensing Model for Difficult-to-Detect EIs

Considering that some EIs cannot be detected online, this study focuses exclu-
sively on DXN, which is the primary contributor to the “Not In My Back Yard”
(NIMBY) phenomenon in MSWI plants [149]. From a generation mechanism
perspective, the formation, decomposition, resynthesis, and adsorption phases
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of DXN are interrelated with the entire MSWI process. Additionally, a “memory
effect” exists that has not been sufficiently explained [150]. DXN emission concen-
tration is typically determined through laboratory tests, which are costly and
time-consuming. Therefore, establishing a soft sensing model for DXN emission
concentration offers a promising approach to guide research on its optimal control.
Amapping relationship between flue gas temperature, CO, and DXN concentra-

tion was established [144]. Subsequently, a multiple linear regression analysis
model was developed [151], which indicates a linear mapping relationship exists
between DXN concentration, combustion chamber temperature, and CO concen-
tration with 7% FGOC. Additionally, a linear model for DXN concentration with
FGOC, the proportion of primary air volume, and total air volume as inputs was
constructed [152]. However, these models fail to accurately describe the nonlinear
relationship between the input features and DXN emission concentration. To
address this, BPNN and genetic programming were employed to construct a
DXNmodel [153], and a method combining BPNN with genetic algorithm to opti-
mize learning parameters was proposed [154]. Given the small sample size, feature
selection based on the underlyingmechanism and the SVR algorithmwere utilized
[155]. Despite these efforts, the feature learning ability of these models requires
further enhancement.
Currently, existing studies primarily focus on constructing the DXN emission

concentration model at the G3 flue gas (chimney) position. However, this
approach does not effectively support DXN reduction control at the generation
source. Furthermore, the mechanistic characteristics of the entire DXN process
should be examined.

1.2.3.2 Product Indicators (PIs) Modeling

The PIs of the MSWI process differ from those of traditional industrial processes,
such as mineral processing and petrochemical processes [156]. In this study, we
define fly ash yield, heat reduction rate, and combustion efficiency as the PIs of
the MSWI process.

1.2.3.2.1 Fly Ash Yield

Fly ash consists of particulate matter generated after the combustion of MSW and
the removal of acidic gases, as well as activated carbon resulting from the adsorp-
tion of DXN and heavy metals [157,158]. It poses a potential threat to the sustain-
able development of the ecological environment [159]. Research on fly ash yield
primarily focuses on its harmless treatment [160,161] and resource utilization
[162,163]. However, the modeling, prediction, and intelligent optimal control of
fly ash yield in the MSWI process remain largely unaddressed.
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1.2.3.2.2 Heat Reduction Rate

The heat reduction rate is defined as the percentage reduction in slag quality after
combustion compared to its original state. It is used to assess combustion effective-
ness and capacity reduction rate [164]. In China, the upper limit is 5%. Currently, it
is detected using an offline laboratorymethod, which involves steps such as on-site
sampling, transportation, sample delivery, weighing, drying, burning, cooling, and
laboratory analysis [165]. Although an online detection device has been developed
[166], the harsh working environment makes it difficult for the device to maintain
stable operation. Sun et al. [167] proposed associating the appearance character-
istics of slag with the heat reduction rate; however, a mapping model was not
constructed.

1.2.3.2.3 Combustion Efficiency

Combustion efficiency is defined as the ratio of heat produced during fuel combus-
tion to the low calorific value released by complete fuel combustion under adia-
batic conditions. Currently, there is no existing research specifically on the
combustion efficiency of the MSWI process. According to the Chinese standard
for pollutant control in hazardous waste incineration (GB 18484–2020), combus-
tion efficiency is defined as the percentage of CO2 concentration in the flue gas
relative to the total concentration of CO2 and CO. Studies on coal combustion
and co-combustion [168,169] have shown that combustion efficiency serves as a
quantitative measure of combustion status. Generally, higher combustion effi-
ciency is considered favorable; however, it may conflict with the carbon reduction
objective. Therefore, this presents a multi-objective optimization problem that
remains to be solved.
As a result, there are currently no relevant reports on PIs, which hinders the

multi-objective optimal control research of the MSWI process.

1.2.3.3 Economic Indicators Modeling

The economic income of an MSWI plant is primarily driven by MSW processing
fees and on-site power generation quality. Since the main goal of the MSWI proc-
ess is environmental protection, it is crucial to maintain the rated capacity and tur-
bine power generation quality at their upper limits to ensure maximum returns.
Typically, the power generation of an MSWI plant ranges from 0.3 to 0.7 MWh/t.
Currently, there are no documented studies on modeling and predicting economic
indicators for MSWI plants.

1.2.4 Flame Status Monitoring

Flame characteristics, such as area, height, brightness, and combustion line posi-
tion, play a pivotal role in evaluating the flame status during the combustion
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process. These features directly influence abnormal phenomena, including partial
burning, local burning through, coking, ash deposition, and corrosion [170]. Var-
ious approaches for recognizing combustion status based on combustion line posi-
tion and other flame characteristics have been proposed. For instance, a
combustion status recognition model integrating multiscale color moment fea-
tures with the RF algorithm has been used [171], and hybrid enhancement with
generative adversarial networks (GANs) was applied for combustion status recog-
nition [172].
Additionally, a semi-supervised strategy was used to construct a recognition

model for unknown flame combustion status [173]. The Newton iteration method
and Hottel emissivity model were combined to establish a relationship between
multispectral flame images and temperature [174]. In other studies [175,176],
spectrometers were employed to detect flames and construct mapping models
between flame features and the concentration of alkaline metals emitted. Using
Monte Carlo simulations and multi-imaging angles, three-dimensional visualiza-
tion modeling of flame temperature was conducted [177]. Notably, most of these
studies did not consider how to recognize combustion status based on multimodal
data. In summary, further research should focus on flame status monitoring.

1.2.5 Operational Abnormal Monitoring

Since the 1990s, computer and AI technologies have been applied to diagnose
abnormalities in the MSWI process, assisting domain experts in decision-making.
A fuzzy expert fault reasoning system for the incineration and boiler system was
developed [178], enabling symptom analysis, early warnings, abnormal alarms,
and both internal and external analysis within the DCS limits. Subsequently,
online diagnosis of abnormal exhaust emissions and steam flow was conducted
using cluster analysis, NNs, and Monte Carlo statistics [179]. A fault tree based
on process analysis and historical experience was constructed [180], employing
a rule-based expert system for abnormal detection and achieving an experimen-
tally validated accuracy rate of 90%. A BPNNmodeling strategy was used for diag-
nostic purposes [181], and a BPNN-based model was also developed to recognize
combustion status. However, challenges such as overfitting and high requirements
for training samples remain unresolved. For diagnosing issues like superheater
and economizer leakage, ash deposition, slagging in horizontal flues, coking,
and poor slag discharge in the furnace, a case-based reasoning (CBR) model based
on random weight neural network (RWNN) similarity retrieval was built [182],
delivering satisfactory performance. Despite these advances, these studies prima-
rily focus on constructing classifier models, lacking quantification or localization
of abnormal status.
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Multivariate statistical process monitoring (MSPM) technology, which leverages
industrial data for quantitative abnormal monitoring, has gained significant atten-
tion in recent years [183, 184, 185]. After constructing a latent structure model
using normal operating condition data, statistical indices such as squared predic-
tion error (SPE) andHotelling’s T2 are employed to detect abnormalities. By recon-
structing data, the location of abnormalities can also be identified. Zhao et al. used
PCA and rule-based reasoning for monitoring incinerator faults [186], resulting in
a significant reduction in the false-positive rate. Similarly, a comparative analysis
between PCA-based and partial least squares (PLS)-based fault diagnosis
approaches was conducted [187]. However, it is noteworthy that existing research
on abnormal monitoring in MSWI processes is still limited and predominantly
relies on linear methods like PCA/PLS. The dynamic, nonlinear, multiscale,
and multimodal characteristics inherent in the MSWI process call for further
research from both theoretical and applied perspectives.

1.3 Control and Optimization Based on AI and DT

The effective control of multiple variables, strong coupling, and the nonlinear
nature of the combustion process present a significant challenge for both indus-
trial applications and academic research. Given the research gap between indus-
trial applications and academic studies in many complex industrial processes
[188], we provide an overview of AI-based control in terms of both on-site and
off-site control strategies. AI-based optimization efforts have primarily focused
on pollution reduction research.

1.3.1 Control in On-site

Although the ACC system can manage the combustion process to maintain a sta-
ble calorific value of MSW under normal operating conditions [189], various
abnormal situations can arise. These include fluctuations in the composition
and calorific value of MSW, steam flow falling below or exceeding the rated value,
and issues related to the maintenance of incineration equipment. To address these
challenges, research has been conducted on-site in the industry to enhance the
ACC system.

1.3.1.1 Research of Automatic Combustion Control (ACC) System

An infrared thermal imager is employed to detect FT and its fluctuations [190],
enhancing the rapid response during the fine-tuning process. An NN is used to
construct a combustion status recognition model [191], with its output serving
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as feedback for the ACC system, resulting in a significant reduction in CO concen-
tration. Infrared image analysis is employed to detect the temperature information
of MSW, flue gas, and flame [192], which aids in combustion control. To address
fluctuations in furnace negative pressure caused by grate turnover, a control
scheme based on a filtering algorithm was implemented to ensure FT stability
[193]. For optimal combustion, a closed-loop control strategy for steam flow
was designed to adapt to changes inMSW calorific value [194], ensuring prolonged
stable operation.

1.3.1.2 Research of Non-ACC System

Fuzzy rule control was applied to FT in an MSWI plant in Japan [195]. After sum-
marizing expert knowledge into fuzzy control rules, this system was implemented
in an MSWI plant in Shenzhen, China [196]. A combustion control system based
on expert rules was also developed for an MSWI plant in Spain [197]. However,
rule-based control systems struggle to maintain stable operation under frequent
fluctuating conditions.
Although the ACC system has been introduced in developing countries formany

years, actual control remains largely manual, relying on domain experts. There-
fore, AI-based control for on-site applications remains an unresolved challenge.

1.3.2 Control in Off-site

The academic community has conducted numerous studies on AI-based control,
which are categorized into intelligent control of key CVs in terms of single-input
single-output (SISO) and MIMO.

1.3.2.1 Single Input Single Output (SISO) Control

For FT, the MSW water content estimation model was used to compensate for
feeder control based on fuzzy rules [189], and a fuzzy rule controller with a
self-tuning factor was developed [198], demonstrating control stability. A fuzzy
rule controller with an adaptive weighted factor was designed [199], highlighting
its effective control. A hierarchical fuzzy rule control strategy, featuring an opti-
mized quantization factor and a self-tuning scaling factor, was proposed to address
real-time requirements and computational memory consumption issues [200],
with the correction factor selectable based on operating conditions.
To enhance the system’s anti-interference ability, flexibility, and adaptability, a

fuzzy adaptive PID controller was introduced using traditional PID control [201].
An RBF-based PID parameter dynamic adjustment strategy was also proposed to
suppress disturbances [202]. Additionally, the human-simulated intelligent con-
troller (HSIC) was employed to simulate the cognitive mechanism and operational
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behavior of domain experts [203,204]. Building on this, a PSO-based HSIC temper-
ature controller was proposed [205].
For FGOC, an RBF-based model predictive controller was introduced, and its

effectiveness was verified through simulation [206]. To control steam flow, a fuzzy
rule controller with grate speed as the MV was implemented [207], demonstrating
a significant reduction in fluctuations caused by abnormal operating conditions.
A feedback control strategy with a fixed time window was adopted to achieve sta-
bility control. Furthermore, a stable closed-loop control system based on a linear
quadratic regulator was introduced and verified through simulation experi-
ments [208].
These studies have yielded satisfactory results in simulation experiments. How-

ever, AI-based SISO control is insufficient to address the strong coupling charac-
teristics inherent in the MSWI process.

1.3.2.2 Mutiple Input Multiple Output (MIMO) Control

For the control of steam flow and FGOC, a linear model predictive control (LMPC)
strategy was proposed [209], demonstrating that the errors in both the MVs and
CVs were lower than those in traditional control systems. However, the LMPC
strategy faces challenges when dealing with strong nonlinearities. To address this,
a nonlinear model predictive control (NMPC) strategy was presented to estimate
the optimal air distribution and material distribution across the rolling time
domain [210].
Additionally, a PID control strategy that integrates two loops was introduced

[211], showing significant improvement in tracking performance. Further, a
self-organizing FNN controller was proposed and validated [212]. For the concur-
rent control of FT, steam flow, and FGOC, a multi-loop PID controller utilizing a
quasi-diagonal recurrent neural network (RNN) was introduced [213], demon-
strating the ability to dynamically adjust its parameters in response to error sig-
nals. Moreover, a single-neuron adaptive PID controller was presented [214],
and its accuracy and effectiveness were validated using industrial process data.
However, most of these studies are limited to specific operational conditions. In

other words, the universality of these AI-based control methods needs to be further
enhanced.
These studies highlight the divergence between industrial applications and aca-

demic research. Clearly, the application of AI-based control to the MSWI process
addresses the fluctuations in operating conditions associated with manual control
methods. Additionally, it contributes to cost reduction, improved energy effi-
ciency, and reduced pollution emissions. As a result, AI-based control is poised
to become the dominant approach in future research. However, the current AI
algorithms face significant challenges in their direct application to industrial
plants. Therefore, the development of a hardware-in-loop simulation platform
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is essential for testing and validating AI algorithms in scenarios that closely resem-
ble industrial environments [188].
The challenge of conducting in-depth academic research with industrial appli-

cations, and improving the universality of AI algorithms for real-world industries,
remains a key issue that requires further exploration.

1.3.3 Optimization of Pollution Emission

Optimizing the setpoints of key CVs to achieve a trade-off among various opera-
tional indices has received limited attention in existing research. Most studies pri-
marily focus on the output values of MVs related to “air distribution and material
distribution.” AI-based optimization of the MSWI process requires the simultane-
ous minimization of exhaust emissions, material consumption, and maximization
of combustion efficiency, while also optimizing other relevant PIs. This must be
done within the constraints of various equality and inequality conditions. There-
fore, intelligent optimization algorithms are essential to address these multi-
objective conflicts.
For the “air distribution” optimization problem, the secondary air volume was

intelligently adjusted using a CBR-based intelligent setting, leveraging expert
experience reuse [215]. However, this approach is limited by the scope of known
cases and faces challenges in finding the true optimal setpoints. Recently, a multi-
objective PSO algorithm [216] and a multi-condition operational optimization
with an adaptive knowledge transfer algorithm [217] were used to optimize the
primary and secondary air volumes, with validation from industrial data. For
the “material distribution” optimization problem, a multi-objective evolutionary
algorithm was employed to maximize the feed rate while minimizing ash carbon
content [218]. These studies have shown promising results, but further research is
needed to improve adaptability under varying operating conditions, address mul-
tiple objectives, and integrate multimodal data effectively.
Studies addressing the optimization of setpoint values for CVs are very limited.

The multi-objective competitive swarm optimization algorithm was employed to
determine the setpoint values for FT and FGOC [219], with the goal of optimizing
the multiple conflict objectives by minimizing NOx emission concentration and
maximizing combustion efficiency. However, this study focused solely on provid-
ing setpoints and did not consider the implementation of controllers for these CVs.
Therefore, further exploration is needed in this area of research.
Therefore, AI-based optimization in the MSWI process still faces numerous

challenging issues that need to be addressed. For example, how to determine
the optimal setpoints for multiple CVs under conflicting objectives, and how to
optimize the entire MSWI process’s operational indices using multimodal data.
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1.4 Hardware-in-Loop DT for MSWI Processes

1.4.1 Brief Description of Simulation Platform for Industrial Process

Complex process industries, such as those similar to MSWI processes, often
involve unclear mechanisms, as well as controlled systems with multiple physical
and chemical reactions, making it difficult to describe them using precise mathe-
matical models [20,220]. Additionally, the production process generates and
decomposes toxic and harmful substances [221,222], further complicating the con-
struction of a physical platform for these complex industrial processes in a labo-
ratory environment [223]. To address this, Kocaeli University introduced the
concept of distributed object linking and embedding (OLE) for process control
(distributed OPC [DOPC]), utilizing simulation models to build experimental plat-
forms [224]; Northeastern University proposed an intelligent decoupling simula-
tion platform for powder production systems [225], consisting of a management
optimization layer, a control layer, and a controlled object layer, which includes
both real controllers and virtual controlled objects; Yanshan University developed
a simplified simulation platform for computer control using Q8 cards connected to
resistance furnaces [226]; and Shanghai University proposed using software sim-
ulation to build a platform for optimizing control in intermittent production pro-
cesses [227].
In addition, relevant companies have also conducted research on simulation plat-

forms. For example, Beijing Lingsi Chuangqi Technology Co., Ltd. proposed the
development of a multifunctional industrial process control experimental device
that integrates both virtual and real elements. This device is notable for its ability
to replace simulation models and covers various experimental components, such
as liquid level control, temperature control, and virtual instrument monitoring. It
is designed to meet the needs of laboratory environments while also being suitable
for harsh environments with wide temperature variations and vibration character-
istics. Dafeng Technology developed the SimuWorks large-scale scientific comput-
ing and simulation support platform, which includes simulation engines, graphical
modeling tools, module resource managers, module resource libraries, and other
simulation software. This platform can be used for large-scale scientific computing,
dynamic characteristic modeling research, simulation system development, optimi-
zation design, and verification, among other applications.
The aforementioned platforms do not meet the needs for researching AI mod-

eling, control, and optimization algorithms based on multimodal data-driven
approaches, especially when high operational safety and strong on-site similarity
are required. Additionally, different industrial sites present varied challenges in
parameter detection, key parameter prediction, intelligent autonomous control,
and operational index optimization. Therefore, there is a need to study a hardwar-
e-in-loop simulation platform with modular combination functions, suitable for
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both laboratory research and industrial application verification. Obviously, the AI
algorithms developed through offline laboratory research should gain recognition
from industry domain experts in some form before they can be fully implemented
and applied.

1.4.2 Simulation Platform in Terms of Real/Virtual Perspective

From a control perspective, industrial systems can be broadly divided into two
main components: the control system and the controlled object [228]. Based on
the attributes of these components in the simulation platform, this book cate-
gorizes them into four types: “real control system and real controlled object”
(Real–Real), “real control system and virtual controlled object” (Real–Virtual),
“virtual control system and real controlled object” (Virtual–Real), and “virtual
control system and virtual controlled object” (Virtual–Virtual). The following sec-
tions will provide a detailed overview of each category.

1.4.2.1 “Real–Real” Simulation Platform

A scaled-down physical device was established for the chemical water treatment
process flow [229], utilizing software systems that include hardware configuration,
logic configuration, and human–machine interface. This setup was used to verify
the effectiveness of the “Real–Real” platform in addressing valve failure issues.
The structure of the system is shown in Figure 1.7.

Operation station Monitoring station

Ethernet

PROFIBUS-DP

PLC

Scaled down

physical devices

Figure 1.7 Structure of “Real–
Real” simulation platform
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As shown in Figure 1.7, the operation station and monitoring station commu-
nicate with the PLC via industrial Ethernet, running WinCC and Step7, respec-
tively, to operate and monitor the control system. The S7–300 PLC acts as the
controller, managing actual physical processes through PROFIBUS-DP fieldbus.
However, the “Real–Real” platform described above is limited in its ability to

simulate only simple processes. Establishing physical objects in laboratory envir-
onments for typical process industries, such as MSWI, is particularly challenging
due to the complexity of these processes, the intensity of reactions, the diverse
types of materials involved, emission pollution, and the high toxicity of certain
components.

1.4.2.2 “Real–Virtual” Simulation Platform

The “Real–Virtual” platform, based on the optimization and monitoring layer,
loop control layer, and virtual object layer, was proposed [225,230]. It consists
of an object model computer, a virtual device for instruments and actuators, a
PLC, a monitoring computer, and an optimization computer, as shown in
Figure 1.8.

PLC

Optimization and

monitoring layer

Loop control layer

Virtual object layer

Object model computer

Monitoring

computer

Optimization

computer

Virtual devices for

instruments and actuators

Ethernet, OPC protocol

Ethernet

Cable

Ethernet

Figure 1.8 Structure of “Real–Virtual” simulation platform

38 1 Introduction

0006062904 3D 38 10/10/2025 4:07:31 PM



From Figure 1.8, it can be observed that:

1) The optimization and monitoring layer uses Ethernet to enable data exchange
between the monitoring computer and the optimization computer through
OLE for process control (OPC).

2) The loop control layer comprises a real PLC, virtual instruments, and actuators,
which transmit standard 4–20 mA industrial signals via cables and I/O boards.

3) The object model computer in the virtual object layer utilizes MATLAB to con-
struct a plant model for simulating laminar cooling objects and employs con-
figuration software to create a frontend interface for setting the characteristic
parameters of the virtual controlled object model.

In this “Real–Virtual” platform, the control system is simulated using real PLC/
DCS, while the actuator and instrument devices are simulated through a combi-
nation of software and hardware. The controlled object is modeled using AI algo-
rithms. This structure not only ensures the portability of testing and validation for
intelligent control and optimization algorithms in laboratory environments but
also guarantees the safety of the controlled object during the simulation process.
However, the platform falls short in fully characterizing the inherent complexities
of industrial processes, such as MSWI, which involve multimodal data like tradi-
tional process variables, combustion flame videos, and on-site operator audio.
Additionally, the platform lacks the capability for undisturbed forward data acqui-
sition and secure backward transmission for industrial PLC/DCSs, making mod-
ular portability difficult to achieve.

1.4.2.3 “Virtual–Real” Simulation Platform

A “Virtual–Real” type platform was proposed in [231], which utilizes MATLAB to
build a virtual controller and connects it to a real electric heating water tank
through interface devices. The structure is shown in Figure 1.9.
In Figure 1.9, the virtual control computer uses a PID algorithm to control the

temperature of the real electric heating water tank, with the advantage of being

Virtual control

computer

Interface

device

Electric

heating

water tank

Figure 1.9 Structure of “Virtual–Real” simulation platform
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able to optimize PID parameters online and incorporate other AI control algo-
rithms. Similarly, reference [232] connects real experimental devices, such as wind
turbines, to a virtual control computer through interface devices, establishing a
“Virtual–Real” simulation platform.
The “Virtual–Real” platforms are limited to simulating simpler processes, and

controllers simulated using MATLAB software are challenging to directly transfer
to actual PLC/DCSs. In comparison to the “Real–Virtual” platform, this type of
platform builds the controlled object model using real physical devices, making
it suitable only for simulating simple and safe controlled object models. It is dif-
ficult to replicate the complexities of industrial processes, such as the MSWI proc-
ess, within this framework.

1.4.2.4 “Virtual–Virtual” Simulation Platform

A “Virtual–Virtual” simulation platform for optimizing control of intermittent
production processes was established [227], consisting of computers and servers,
and utilizing OPC technology. The structure is shown in Figure 1.10.
As shown in Figure 1.10, the optimization control computer uses MATLAB and

various algorithms to control the virtual object model, with data transmission
between the two facilitated through Ethernet and OPC technology.
As observed, the shortcomings of the “Virtual–Virtual” platform are more

apparent compared to the other three types of platforms. It is primarily suited
for testing AI algorithms, lacks modularity and portability, offers limited guidance
for real industrial processes, and struggles to achieve algorithm verification that
closely resembles real-world scenarios.

Object model computer Data server

Optimization control computer

Ethernet

Figure 1.10 Structure of “Virtual–Virtual”
simulation platform

40 1 Introduction

0006062904 3D 40 10/10/2025 4:07:31 PM



1.4.3 Difficulties of Simulation Platform for MSWI Process

As described earlier, the “Real–Virtual” platform structure is currently the optimal
solution for typical process industry simulation in laboratory environments.
However, there have been no reports on research regarding a modular hard-
ware-in-loop simulation platform for AI algorithm validation that considers the
applicability of multimodal data, the security of data transmission, the effective-
ness of multi-loop control, and the functional requirements of modular architec-
ture and portability for MSWI processes.
To develop a modular hardware-in-loop simulation platform for AI algorithm

testing and validation, which can be used in both laboratory and industrial settings
for complex industrial processes such as MSWI, several challenges currently exist.

1) An AI algorithm testing and validation platform that simulates domain experts
usingmultimodal data for perception, cognition, decision-making, and control,
driven by synchronized multimodal historical data, is essential. In the actual
MSWI process, domain experts make intelligent and autonomous decisions
based on multimodal information such as process data, flame videos, produc-
tion records, and inspection voice reports. These decisions lead to safe, stable,
and efficient operation of the production process. However, existing simulation
platforms often rely on simple structured process data for AI algorithm
research, overlooking the comprehensive representation and application of
multimodal data in real-world production scenarios. Moreover, due to differ-
ences in data collection methods and time scales, significant effort is required
to synchronize and ensure the accuracy of intelligent models before using mul-
timodal data for algorithm research. A major challenge in hardware-in-loop
simulation platform development is achieving near real-time re-driving of
offline multimodal historical data to simulate industrial environments, along
with effective engineering testing and verification of multimodal data-driven
intelligent algorithms.

2) A testing and validation platform with a bidirectional safety isolation mechan-
ism, capable of interfacing with actual industrial sites, is crucial for overcoming
the challenges of real-time data collection and online verification of AI algo-
rithms. The stringent safety requirements of industrial sites and the closed
nature of PLC/DCSsmake direct connection of external devices difficult, result-
ing in a lack of real-time, effective data support for AI algorithm research. This
creates challenges when attempting to transplant offline-developed intelligent
algorithms to industrial environments for online testing and verification. The
primary challenge facing hardware-in-loop simulation platforms is achieving
real-time collection of multimodal data and conducting online verification of
AI algorithms without interfering with the safe and stable operation of the
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industrial process. A key concern is ensuring the safe and effective transmission
of process parameters derived from offline AI algorithms – such as difficult-to-
measure key parameter values, CV setpoint values, controller parameters, and
MV output values – while ensuring that on-site domain experts gradually gain
an understanding of the algorithms to ensure operational safety.

3) A modular and easily portable hardware-in-loop simulation platform is essen-
tial for facilitating offline research and development of AI algorithms and
industrial software, enabling their seamless transfer to actual industrial sites.
Existing simulation platforms often fail to incorporate a modular and portable
design, leading to excessive coupling of various components that are difficult to
separate. While this may appear to reduce equipment costs, it ultimately limits
the platform’s use to laboratory environments, making it unsuitable for indus-
trial on-site applications without requiring secondary development and verifi-
cation. This, in turn, hampers the development of industrial software with
independent intellectual property rights. The key challenge in the research
of simulation platforms is making modular design and portable application,
which is critical for the rapid implementation and deployment of AI algorithms
in real-world industrial settings.

1.5 Book’s Structure

The book’s structure is shown in Figure 1.11.
Figure 1.11 shows that the book consists of three principal parts:

• The first part relates to the modeling and monitoring based on AI (Chapters
2–7).

• The second part deals with control and optimization based on AI and DT
(Chapters 8–11).

• The third part makes the hardware-in-loop DT platform design and validation
(Chapters 12–15).

PART I

Chapter 2: To address the complex and poorly understood mechanism of the
MSWI process, and the challenges in effectively constructing mechanism models
for specific practical MSWI plants, we propose a whole-processmodeling approach
combining integrated numerical simulation software coupling and virtual mech-
anism data-driven methods. First, a multi-software coupled whole-process numer-
ical simulation model is developed under benchmark operating conditions to
simulate the operation of a real MSWI plant proportionally. Next, virtual
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simulation data under various operating conditions are obtained through orthog-
onal experimental design, extending the scope of actual on-site operating condi-
tions. Then, an interpretable linear regression decision tree (LRDT) algorithm is
employed to construct a model for exhaust emissions pollutants, using “air distri-
bution and material distribution” MVs as inputs. Finally, causal analysis is per-
formed between MVs and pollutant concentrations based on single or double
factor variations. The experimental results demonstrate that the whole-process

PART I Modeling and monitoring based on AI

PART II Control and optimization based on AI and digital twin

PART III Hardware-in-loop digital twin platform design and validation
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mechanism model developed using this approach exhibits strong interpretability
and representational performance.
Chapter 3: To address the issue that existing conventional pollutant prediction

models, such as for CO, mainly rely on historical real data and overlook the effec-
tive integration of combustion process mechanism knowledge, we propose a
hybrid-driven deep modeling approach that combines virtual and real data. First,
a multi-condition mechanism model is developed by coupling numerical simula-
tions of FLIC and Aspen Plus, with virtual mechanism data generated through
orthogonal experiments. Next, a mechanism mapping model is constructed using
the LRDT algorithm based on the aforementioned virtual mechanism data, while a
real historical data-driven model is built using the LSTM NN algorithm. During
the offline training and validation phase, the models are integrated by matching
virtual and real samples representing various operating conditions through
K-nearest neighbor (KNN) and applying an inequality-constrained RWNN. In
the online testing and verification phase, CO emission concentration is predicted
by combining the LRDT-based mechanism mapping model and the LSTM-based
data-driven model. The effectiveness and rationality of this modeling strategy are
validated through a case study of an MSWI power plant in Beijing.
Chapter 4: To address the limitations of traditional single models and ensemble

models in predicting trace pollutant emission concentrations, we propose a
method for constructing a selective ensemble model based on Bayesian inference
and binary decision trees. First, Bagging sampling is employed to generate a subset
of data with differences, from which candidate submodels based on binary deci-
sion trees are constructed. The prior information of the leaf nodes and predicted
values of these candidate submodels are calculated, and Bayesian inference is then
applied to compute the posterior information, reflecting the fitness of each submo-
del. Based on the posterior error, the best submodel is selected as part of the ensem-
ble. This process is repeated to generate all the ensemble submodels along with
their corresponding posterior information. Next, the fused weights are determined
based on the posterior information of the integrated submodels, thereby construct-
ing the selective ensemble. The effectiveness of the proposed method is validated
using benchmark datasets as well as trace pollutant dataset in actual MSW
power plant.
Chapter 5: To address the challenge of optimizing both hyperparameter selec-

tion and pseudo-labeled samples in existing semi-supervised RF algorithms, we
propose a modeling method for trace pollutant emission concentration based
onmulti-objective optimization. First, we design an encoding scheme for the selec-
tion of hyperparameters and pseudo-labeled samples. Next, we initialize and
decode particles for fitness evaluation, focusing on two objectives such as model
generalization performance and the quantity of pseudo-labeled samples. The ter-
mination condition for the optimization process is then determined. If the
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condition is not met, the PSO parameters are updated. Once the termination con-
dition is satisfied, the optimal solution is selected from the Pareto solution set.
Finally, an RF model is constructed using the optimized mixed sample set. The
effectiveness of the proposed method is validated through both benchmark and
real MSWI power plant datasets.
Chapter 6: To address the challenge of characterizing the global complexity of

flame images using traditional methods based on combustion line positions, we
propose a flame combustion state recognition method based on a vision trans-
former (ViT) and improved deep forest classification (IDFC). This method is built
on the MSWI flame image combustion state dataset, which is constructed using
prior knowledge from on-site domain experts. First, we leverage the pre-trained
ViT encoding layer to extract multi-layer visual transformation features from
the flame images. Deep features are then selected based on domain expert expe-
rience. These selected visual transformation features, alongwith the original flame
images, are used as input for a cascaded forest to construct the IDFC model. The
model’s effectiveness is validated using the constructed flame image dataset,
which is based on combustion flame data from an MSWI power plant in Beijing.
The results demonstrate that the proposed method effectively extracts deep fea-
tures from flame images and achieves high monitoring accuracy.
Chapter 7: To address the limitation of existing research, which primarily relies

on offline image datasets for model training and accuracy verification, and lacks
dynamic recognition capabilities for real-time or near real-time videos in practical
applications, we propose a method for online recognition of flame combustion sta-
tus. This method combines convolutional multi-layer feature fusion with deep for-
est classifier (DFC), focusing on image global information partitioning. First, flame
images collected on-site are used to train the LeNet-5 network to extract deep fea-
tures from the images. Then, using a multi-layer feature adaptive selection fusion
method, the fused deep features are chosen to represent the flame combustion
state. These deep fusion features are subsequently input into the DFC to construct
an offline recognition model for flame combustion states. Finally, the offline rec-
ognition algorithm is integrated into the developedMSWI process data monitoring
system to enable online recognition of flame videos. Experimental results based on
the historical flame video of an MSWI power plant demonstrate that the proposed
method achieves a high recognition rate for both left and right grate flame com-
bustion states, meeting the requirements for real-time monitoring.

PART II

Chapter 8: Due to the many uncertainties of the MSWI process introduced by fac-
tors such as material composition, feeding mode, and equipment operation and
maintenance, conventional control strategies struggle to effectively regulate the

1.5 Book’s Structure 45

0006062904 3D 45 10/10/2025 4:07:32 PM



FT. This temperature is closely linked to the stable operation and pollution reduc-
tion. To address this, we propose an interval type-2 fuzzy neural network
(IT2FNN) control method based on Bayesian optimization for FT control. First,
we analyze the FT control characteristics to identify the key control variables that
influence it. Next, we design an IT2FNN controller. Finally, using Bayesian opti-
mization, we select the appropriate learning rate for the controller to ensure effec-
tive parameter learning and stability analysis. Control experiments conducted
with actual MSWI process data demonstrate the effectiveness of the proposed
method.
Chapter 9: To address the issues of frequent adjustment of MV, mechanical

wear, and increased energy consumption associated with traditional time-
triggered FT control in theMSWI process, we propose an FT control strategy based
on a multi-event trigger mechanism (METM) and interval type-2 fuzzy broad
learning system (IT2FBLS). First, we analyze the control characteristics of FT
and develop a controller based on IT2FBLS. Then, we design a dynamic static
switching event triggering mechanism (DSSETM) to trigger the control law and
reduce the frequency of MV updates. Next, we implement an event triggering
mechanism for updating the controller structure, dynamically adjusting it to
enhance performance by evaluating the enhanced node parameters. Finally, the
stability of the proposed control strategy is demonstrated using Lyapunov’s second
method. The effectiveness of the method is verified through simulations based on
numerical data and actual operating data from an MSWI power plant.
Chapter 10: To address the challenge of effectively obtaining the optimal FT set-

point vlaue, which is influenced by multiple MVs and directly affects pollutant
emission concentrations in exhaust gas, we propose an FT optimization control
method. This method combines multi-loop control with PSO to minimize pollu-
tant emission concentrations. First, the Tikhonov regularized linear regression
decision tree (TR-LRDT) algorithm is employed to establish a model for the FT
control object. Then, leveraging domain expert knowledge, a multi-loop temper-
ature controller is designed using an improved single neuron adaptive PID (ISNA-
PID) algorithm. Further, NOx and CO2 indicator models are developed, and the
PSO algorithm is applied to determine the FT setpoint value that minimizes pol-
lutant emission concentrations. Finally, the intelligent optimization control
framework is validated. Experimental results demonstrate that the optimal FT set-
point value can effectively reduce NOx and CO2 emission concentrations.
Chapter 11: To address the challenge of improving combustion efficiency and

reducing the emission concentration of major pollutants, we propose a data-driven
multi-objective optimization control method for the MSWI process, considering
multiple CVs. First, based on an analysis of the factors influencing pollution reduc-
tion in the MSWI process, a multi-objective optimization model is developed. This
model treats key CVs as decision variables, aiming tominimize the comprehensive
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pollutant emission concentration and maximize combustion efficiency. Corre-
sponding multi-objective optimization control strategies are then proposed. Next,
a complete process model for MSWI pollutant emissions is established, including
controlled object models for FT, steam flow rate, and FGOC, as well as emission
index models for CO, CO2, and NOx pollutants. A single neuron adaptive PID con-
troller is used to design a MIMO loop controller for key CVs, ensuring stable com-
bustion process control. Finally, leveraging domain expert knowledge, an adaptive
solution for optimizing the setpoint values of these variables is achieved using an
improved multi-objective PSO algorithm. Experimental validation using on-site
data from an MSWI power plant in Beijing shows that the proposed method effec-
tively optimizes the setpoint values of key CVs, leading to reduced pollutant emis-
sions and improved combustion efficiency.

PART III

Chapter 12: This chapter outlines the requirements for a hardware-in-loop (HIL)
DT platform designed for complex industrial processes, viewed from both labora-
tory research and industrial application perspectives. From a laboratory research
standpoint, the requirements include alignment with the actual industrial control
hierarchy and expert cognitive models, with a focus on the verifiability and scal-
ability of multi-loop intelligent control for future development. Additionally, the
platform should be capable of simulating isolated data exchange modes, ensuring
both applicability and portability for real-world industrial settings. From an indus-
trial application perspective, the requirements encompass secure data transmis-
sion isolation, qualitative identification of combustion states, quantitative
detection of combustion line parameters, multi-step prediction of conventional
pollutants, real-time detection of difficult-to-measure pollutants, and optimization
of CV setpoints and MV outputs.
Chapter 13: To address the challenges of online validation for AI algorithms in

offline research of MSWI processes – stemming from safety requirements and the
closed nature of control systems – as well as the limitations of existing laboratory
simulation platforms in simulating the perception, cognition, decision-making,
and control of domain experts based on multimodal data in industrial practice,
a modular HIL DT platform for AI algorithm verification is proposed. This plat-
form consists of a multimodal historical data-driven system, a safety isolation
and optimization control system, and a MIMO loop control system, which has
been designed and implemented. First, we conduct a functional requirement anal-
ysis for both laboratory academic research and industrial applications. Next, we
proceed with functional and structural design, followed by hardware construction
and software development. Finally, the platform is implemented. The design and
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implementation of the AI algorithm verification platform were completed at the
Beijing Laboratory of Intelligent Environmental Protection at Beijing University
of Technology.
Chapter 14: To address the challenges of testing and porting academic AI algo-

rithms and software forMSWI processes to industrial scenarios, amodular HIL DT
platform for AI algorithm validation is developed. First, the effectiveness of the
platform, which consists of a multimodal historical data-driven system, a safety
isolation and optimization control system, and a MIMO loop control system, is
tested and verified. Next, laboratory testing and validation are conducted for mod-
eling, monitoring, control, and optimization algorithms separately. Following this,
module porting and application are carried out in industrial scenarios, with exist-
ing issues and their corresponding solutions analyzed. Finally, potential follow-up
research topics for further platform development are outlined.
Chapter 15: The future prospects of the MSWI process hardware-in-loop DT

platform for AI algorithm research and validation were discussed, highlighting
its potential for advancing AI safety. The overall structure, functional description,
and development prospects of the future AI safety empowerment end-edge-cloud
collaboration platform were also presented. Based on this platform, a vision for a
future AI safety empowerment system, capable of being deployed at industrial
sites, was proposed. This system aims to provide a development blueprint for pol-
lution reduction and operation optimization research in the MSWI process.
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