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Based on an analysis of the role of industrial control and optimization technologies in the Industrial
Revolution, as well as the current situation and existing problems of operational decision-making
(ODM) for industrial process, this paper introduces the concept of intelligent ODM in industrial process,
shapes its future directions, and highlights key technical challenges. By the tight conjoining of and coor-
dination between industrial artificial intelligence (AI) with industrial control and optimization technolo-

gies, as well as the Industrial Internet with industrial computer management and control systems, an
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intelligent operational optimization decision-making methodology is proposed for complex industrial
process. The intelligent ODM methodology and its successful application demonstrate that the tight con-
joining of and coordination between next-generation information technologies with industrial control
and optimization technologies will promote the development of industrial intelligent ODM. Finally, main
research directions and ideas are outlined for realizing intelligent ODM in industrial process.
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1. Introduction

The key to achieving advanced, intelligent, and green process
industries lies in realizing intelligent and optimal manufacturing
[1]. Intelligent operational decision-making (ODM) for industrial
processes serves as the foundation to achieve intelligent optimiza-
tion manufacturing. Recent advancements in industrial artificial
intelligence (Al) and the Industrial Internet have established new
technological frameworks to support intelligent optimization man-
ufacturing in process industries. The integration of Al and Indus-
trial Internet technologies into smart manufacturing has emerged
as a national strategy to enhance the overall competitiveness of
the manufacturing industry. In 2019, the Industrial Internet Con-
sortium (IIC) in the United States renamed its Industrial Analytics
Task Group to the Industrial Artificial Intelligence Task Group, pro-
moting Al applications in smart manufacturing [2]. The US govern-
ment prioritized funding for intelligent and digital manufacturing
in fiscal budgets of 2020 and 2021, particularly emphasizing on
manufacturing systems based on the Industrial Internet of Things
(IloT), machine learning, and Al-enabled manufacturing systems
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[3,4]. Following its Industry 4.0 initiative, Germany further formu-
lated an Al strategy to promote the development and application of
Al with an economic focus [5]. The “Research Report on Next-
Generation Artificial Intelligence-Driven Smart Manufacturing,”
part of the third phase of the Manufacturing Power Strategy
Research conducted by the Chinese Academy of Engineering, high-
lights that, as establishing next-generation smart manufacturing
being the second phase (2025-2035) of China’s intelligent manu-
facturing development, the strategic objective of this phase is to
elevate China’s smart manufacturing technologies and application
capabilities toward the global leading level [6].

Currently, integrating Al with the industrial domains to advance
research in industrial Al has drawn great attention from both aca-
demia and industry [7-11]. Industrial Internet is the outcome of
deep integration between next-generation information technolo-
gies and the manufacturing industry. Its development provides
new infrastructure for advancing smart manufacturing. In 2021,
the IIC in the United States established a strategic partnership with
the Clean Energy Smart Manufacturing Innovation Institute
(CESMII). Concurrently, the IIC renamed itself as the Industry IoT
Consortium (retaining the abbreviation IIC). In the same year,
Germany’s Industry 4.0 initiative collaborated with CESMII to
shape the future of manufacturing. China recognizes the Industrial
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Internet as an outcome of the deep integration between next-
generation information technologies and manufacturing, as well
as a key infrastructure for the new Industrial Revolution character-
ized by digitalization, networking, and intelligence [12]. Research
on the integration of the Industrial Internet and IloT with industrial
scenarios has attracted extensive academic and industrial interest
[13-21].

To deeply integrate next-generation information technologies
such as industrial Al and the Industrial Internet with industrial
process operational optimization and control technologies remains
a critical challenge to advance intelligent ODM in industrial pro-
cess. This is due to the inherent complexity of industrial processes,
which involve transforming raw materials or feedstocks into qual-
ified products through the interplay of information flows, energy
flows, and material flows, often accompanied by incompletely
knowledge of physical and chemical reaction dynamics. These pro-
cesses exhibit time-varying dynamics influenced by unknown fre-
quent changes in interactions and disturbances from upstream and
downstream operations, resulting in complex dynamic systems
with ambiguous causal relationships. ODM for industrial processes
is usually related to multi-objective dynamic optimization—
balancing conflicting goals among, such as product quality, produc-
tion efficiency, and energy and material consumption—a scientific
challenge characterized by global non-convex and non-stationary
optimization [22,23]. Building on an analysis of the role of indus-
trial control and optimization technologies in the Industrial Revo-
lution and existing challenges in ODM for industrial processes, this
paper defines the concepts, development directions, and technical
hurdles for intelligent ODM. Case studies on intelligent operational
optimization decision-making methodologies for complex indus-
trial systems indicate that the close integration and coordination
of industrial Al, the Industrial Internet, and industrial control and
optimization technologies provide new ways to tackle the chal-
lenges of intelligent ODM in industrial processes. Finally, key
research directions and methodologies are proposed to advance
the intelligent transformation of ODM in industrial processes.

2. The role of industrial control and optimization technologies
in the Industrial Revolution

Since the appearance of humanity, people have to transform
natural minerals into tools in order to survive. For instance, prior
to the First Industrial Revolution, steel production during China’s
Spring and Autumn Period involved reducing iron ore to sponge
iron at low smelting temperatures, followed by manual folding,
forging, and hammering into iron blocks or rods. This process
essentially is a transformation of material flows—where raw min-
erals evolve into functional products, driven by energy flows,
specifically the combined effects of heating iron blocks to red-hot
temperatures with applied mechanical force. Artisans manually
monitored iron temperature and morphology (information flow),
decided furnace temperatures and hammering strategies (decision
flow), and executed actions such as repositioning the iron and con-
trolling bellows (control flow). Thus, industrial processes inher-
ently involve the interplay of information, energy, and material
flows, and the Industrial Revolution fundamentally represents
transformative advancements in these three flows.

The role of industrial control and optimization technology in
Industrial Revolutions is depicted in Fig. 1. During the First Indus-
trial Revolution, transformations occurred in both energy flow and
information flow, where steam-powered devices have emerged,
replacing human labor in generating energy flow during
production processes. To ensure the reliability of steam-powered
machines, such as looms, in industrial production, it was necessary
to maintain a constant rotational speed. In 1788, James Watt
successfully invented the centrifugal governor, which is essentially
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a proportional feedback controller. Since then, the governor
became an integral part of steam engines. By replacing manual
control, proportional feedback control technology transformed
the information flow in production processes. The broad applica-
tion of steam engines and feedback control technologies drove
the First Industrial Revolution. During the Second Industrial Revo-
lution, electricity replaced steam as the power source for generat-
ing energy flow in industrial production, leading to a
transformation in energy flow. Since proportional control inevita-
bly introduced dynamic errors, integral action was incorporated
into proportional feedback control, leading to the invention of
proportional-integral-derivative (PID) control technology [24,25].
To control the startup, shutdown, and sequencing of electrically
powered industrial equipment, logic control technology was devel-
oped. The widespread application of PID and logic control tech-
nologies transformed information flow in production processes
and enabled the automation of conveyor belts. In 1870, automated
conveyor belts were first implemented in Cincinnati slaughter-
houses, facilitating large-scale production based on labor and
electricity-powered machinery, shaping the Second Industrial
Revolution. Large-scale industrial production relied on the auto-
matic control of multiple loops in industrial processes.
Frequency-domain-based modeling and controller design tech-
niques were well-suited for single-input-single-output (SISO) pro-
cesses, but were challenging to adjust to multi-input-multi-output
(MIMO) industrial process modeling and controller design. The
integration of digital computing and communication technologies
with industrial control led to the development of a specialized
computer-based control system—the programmable logic con-
troller (PLC). In 1969, the US company, Modicon, introduced the
084 PLC [26], which connected sensors and actuators across multi-
ple loops through device networks and control systems, enabling
multi-loop control, sequential control of equipment, and system
monitoring efficiently. In 1975, Honeywell and Yokogawa devel-
oped the distributed control system (DCS) for large-scale industrial
processes [27]. The wide adoption of control and process monitor-
ing software built on configuration platforms further enhanced
automation level of production line. The application of industrial
computer management and control systems, along with industrial
control software, to industrial production processes transformed
information flow, driving the Third Industrial Revolution.

The development of modern process industries and increasingly
intense international marketing competition have created new
demands for industrial process ODM, that is, achieving operational
optimization decision-making for industrial processes. To meet
this new demand, it is necessary to optimize the setpoints of pro-
cess control systems and regulate controlled processes to ensure
their outputs track these optimized setpoints. In this setting, key
process parameters—referred to as operational indices—that reflect
product quality, efficiency, and consumption during processing
remain within target ranges, maximizing quality and efficiency
while minimizing consumption. The application of industrial com-
puter management and control systems, along with industrial con-
trol software, provides an implementation platform for operational
optimization decision-making. For petrochemical processes that
can be mathematically modeled, real-time optimization (RTO)
and model predictive control (MPC) technologies have been widely
adopted [28]. For industrial processes that are difficult to model
mathematically, expert systems based on process models and
data-driven intelligent operational control technologies have been
successfully applied in the mining and metallurgical industries
[29,30]. The application of industrial process ODM technologies
and systems has driven enterprises to integrate industrial informa-
tization technologies into operational and production manage-
ment, adopting enterprise resource planning (ERP) and
manufacturing execution systems (MES). The wide application of
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Fig. 1. The role of industrial control and optimization technologies in the Industrial Revolutions.

industrial control, optimization, and informatization technologies
in manufacturing enterprises has significantly enhanced competi-
tiveness of enterprises. The development of next-generation infor-
mation technologies such as industrial Al, Industrial Internet, and
industrial metaverse will inevitably transform the information
flow composed of perception, recognition, decision-making, and
control in production processes. This transformation will drive
the intelligent development of ODM in industrial processes.

3. Development directions and challenges in intelligent ODM
for industrial processes

3.1. Analysis of the current status of ODM in industrial processes

Currently, the status of industrial process ODM is illustrated in
Figs. 2 and 3. ODM systems, or manual decision-making based on
experience and knowledge, determine the setpoints of control
loops according to the target value range of operational indices,
actual values obtained from process monitoring systems, input—
output relationships of controlled loops, and related variables.
These setpoints are then issued through process monitoring sys-
tems to control loops and logic control systems. The control system
regulates the industrial process, ensuring its output to follow the
setpoint of the control loop, keeping operational indices within
the target range.

The ODM methods used in the system depicted in Fig. 2 can be
categorized into three types:

Target range of
operational indices

|

Operational decision-making system

Setpoints of 4
control loops

Process monitoring system

Process loops and logic control systems

A

A 4

Industrial process

Fig. 2. ODM structure diagram.
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(1) For industrial processes in steady-state operation that can
be modeled mathematically, such as those in the petrochemical
industry, online process optimization methods are used to deter-
mine setpoints for process control systems. This includes RTO
based on online numerical optimization solutions and RTO based
on feedback control [31]. To address the issues of online process
optimization, studies [32-34] introduced hybrid RTO and persis-
tent parameter adaptive RTO, which utilize transient measure-
ments and dynamic system models to mitigate the delays caused
by steady-state optimization. Additionally, the study [35] proposed
a steady-state RTO method based on transient measurements.

(2) For industrial processes that are difficult to model mathe-
matically, such as those in the metallurgical industry, an expert
system based on the technological model of the process can be
used to set the setpoints for an open-loop decision process control
system. Alternatively, intelligent decision-making methods tai-
lored to the specific characteristics of the industrial processes
(e.g., case-based reasoning, neural networks, fuzzy reasoning) can
also be employed to determine the setpoints for the process con-
trol system [36-40].

(3) Intelligent operational optimization decision-making meth-
ods, which integrate optimization with feedback, prediction with
feedforward, modeling, and control with expert decision-making
behavior, provide adaptable solutions for different industrial pro-
cesses [29,30]. These methods consist of a predefined model for
control loops, an operational index prediction model, feedforward
and feedback compensators, a fault diagnosis model, and a self-
healing controller. They have been successfully applied in hema-
tite ore beneficiation (sintering furnaces and grinding), electric
arc furnaces, ironmaking, blast furnaces, and other processes
[41-45].
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Issues with current ODM methods in industrial processes are
listed as follows:

(1) Online RTO, such as RTO and commercial RTO software
packages, has not been widely adopted in industry [28,46,47]. This
is because developing models is challenging and costly. Due to
changes in operating conditions and the dynamic characteristics
of industrial processes, commercially available RTO is usually not
satisfactory and requires regular maintenance and monitoring by
specialized teams. The lack of such teams in enterprises renders
the systems unusable [28,48,49].

(2) The applications of intelligent ODM methods for industrial
processes where establishing mathematical models are difficult
require treating the operational process as a system with clear cau-
sal relationships. In other words, the system should have the out-
puts of the controlled process loops as inputs and operational
indices as outputs. In complex industrial processes, operational
indices are influenced by upstream and downstream process con-
trol systems, and the dynamic mechanisms of the interactions
among material, energy, and information flows are unclear. The
causal relationships between variables reflecting these flows are
also ambiguous, making it difficult to apply existing decision-
making methods. In this situation, decision-making can only rely
on the experience and knowledge of operational experts to manu-
ally set control system setpoints, as shown in Fig. 3. When produc-
tion conditions change frequently, it is difficult to make timely and
accurate decisions on setpoints, making it challenging to keep
operational indices within target ranges.

(3) Parameters of the decision-making systems, such as weight-
ing parameters for optimization performance indices, rule-based
reasoning parameters, and compensator parameters, need to be
determined through repeated experiments and trial-and-error
actions by designers. When operating conditions and unknown
random disturbances vary in the dynamics of industrial processes,
the parameters of the decision-making system need to be opti-
mized online. Real-time parameter optimization methods require
closed-loop experiments, where the calculated parameters are
applied to the actual decision-making system to obtain the actual
outputs of ODM processes. Since RTO methods may generate poor
solutions in the search space of numerical optimization functions,
online adjustment of decision control system parameters is not
allowed. Consequently, online optimization of system parameters
cannot be achieved, and adjusting the system parameters manually
and offline is necessary, which cannot achieve operational
optimization.

3.2. The concepts and development directions of intelligent ODM for
industrial processes

The above analysis reveals the following reasons that industrial
process ODM fails to achieve optimization.

(1) Rely on knowledge of workers to design ODM algorithms
and manually tune system parameters through offline experiments
and trial-and-error actions based on experience. When production
conditions and unknown random disturbances cause changes in
the dynamics of industrial processes, the system parameters can-
not be optimized online, relying on manual offline adjustments.

(2) For complex industrial processes where existing ODM meth-
ods cannot be applied, operators must rely on their experience and
knowledge to summarize ODM rules, identify operating conditions,
and manually make decisions based on these rules to set control
values. The system cannot predict the actual operational indices
resulting from the setpoints determined by these decisions; it
can only adjust the decision process control setpoints based on real
operational indices.

In summary, currently operating industrial process decision-
making systems can only rely on human experience and knowl-
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edge to adjust system parameters or decision rules manually and
offline.

The development of big data-driven Al technology has acceler-
ated industrial Al research. Although the definition of industrial Al
is unclear and evolving over time, its core research and application
goal is to automate and optimize industrial production activities—
such as product and process design, business management and
decision-making, and manufacturing process operation and con-
trol—which currently depend on human perception, cognition,
analysis, decision-making, experience, and knowledge. This may
significantly improve economic benefits [50]. The deep integration
of industrial Al, Industrial Internet, and next-generation informa-
tion technology with industrial control and optimization technol-
ogy will automate and optimize the knowledge work required in
industrial process ODM. This marks the intelligent transformation
of industrial process ODM.

The definition of intelligent industrial process ODM refers to
real-time sensing and recognition of operating conditions; real-
time identification of the dynamic characteristics of ODM and con-
trol processes; self-learning and self-optimizing ODM systems;
self-optimizing control system setpoints; keeping operational
indices within target ranges; and maximizing quality and effi-
ciency indices while minimizing consumption indices.

The further directions of intelligent industrial process ODM
involve transition from manual laboratory-based operational index
analysis to big data-driven real-time Al-based detection and fore-
casting; transition from manual perception and identification of
operational conditions to big data-driven Al-based sensing, identi-
fication, and prediction; transition from manual ODM to intelligent
operational optimization decision-making systems; transition
from manual offline adjustment of decision-making system param-
eters to real-time self-optimizing parameter correction; transition
from conventional process control systems to self-learning, self-
optimizing, high-performance intelligent control systems; transi-
tion from separate decision-making and control systems to inte-
grated intelligent decision-making and control systems; and
transition from manual identification of operational conditions,
decision-making, and process control to fully integrated Al-
driven perception, identification, decision-making, and control
systems.

The intelligent transformation of industrial process ODM
evolves the human-involved ODM systems (as shown in Figs. 2
and 3) into the intelligent ODM system shown in Fig. 4.

3.3. Challenges in achieving intelligent ODM for industrial processes

To achieve intelligent industrial process ODM, the development
of Al systems for real-time detection and forecasting of operational
indices and Al systems for intelligent sensing and prediction of
operating conditions requires research on industrial intelligent
modeling algorithms, which includes digital twin modeling of
complex industrial process dynamic systems; intelligent sensing
and recognition of complex operating conditions; and prediction
and backtracking of operational indices. The key challenge lies in
modeling complex industrial dynamic systems with unclear causal
relationships.

To achieve intelligent operational optimization decision-
making systems, online self-optimizing parameter correction sys-
tems, and self-learning high-performance intelligent control sys-
tems, research is needed on industrial intelligent control
algorithms, including interval optimization control, self-
optimizing control, and high-performance control. The main chal-
lenge is multi-objective optimization and control for complex
industrial dynamic systems with conflicting goals.

To achieve integrated intelligent systems for optimization
decision-making and control, as well as fully integrated intelligent
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systems for sensing, recognition, decision-making, and control,
research on industrial intelligent optimization decision-making
algorithms is required, which includes non-convex interval opti-
mization decision-making; integration of optimization decision-
making and control; and integrated optimization of sensing, recog-
nition, decision-making, and control. The key challenge is multi-
level, multi-objective optimization for complex industrial systems
with conflicting constraints.

4. The intelligent ODM based on new-generation information
technologies

Al is a pivotal enabler of industrial transformation [51]. There-
fore, by tightly integrating and coordinating Al, industrial control
and optimization technologies, and ODM in industrial scenarios,
the goal is to develop Al algorithms and systems that enhance
the capabilities of decision-making and operational knowledge
workers. Research on industrial Al aims to address the challenges
of intelligent industrial process ODM, making industrial Al the
technological foundation of industrial intelligent algorithms.

Currently, PLC/DCS management and control systems cannot
implement industrial Al algorithms driven by industrial big data,
and industrial networks lack the capability to transmit heteroge-
neous industrial big data. However, with the advancement of 5G-
based mobile internet, edge computing, cloud computing, and
cloud platform software, the emergence of the Industrial Internet
has created the necessary conditions for acquiring industrial big
data and implementing industrial Al algorithms. The end-edge-
cloud collaboration technology based on the Industrial Internet
further facilitates big data-driven industrial intelligent algorithms.
Thus, the tight integration and collaboration of industrial Al, Indus-
trial Internet, and industrial process ODM systems pave the way
for innovative solutions for addressing the challenges of intelligent
ODM in industrial processes.

4.1. Intelligent operational optimization decision-making methods and
application cases for complex industrial processes

4.1.1. Intelligent operational optimization decision-making methods

China leads the world in the production of steel, nonferrous
metallurgy, and mineral processing industries. Although China
has enormous mineral resource, its ore grades are low, and compo-
nent fluctuations are significant. Therefore, unique production pro-
cesses must be adopted, requiring high-energy-consuming
equipment such as high-pressure grinding rolls (HPGRs), shaft fur-
naces, fused magnesium furnaces, and alumina dissolution
systems.
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Operational indices are often difficult to measure online, and
the ODM process is influenced by upstream and downstream
industrial processes and their control systems. Due to unclear cau-
sal relationships between operational indices and decision vari-
ables, as well as frequent changes in production boundary
conditions, it is challenging to apply existing operational optimiza-
tion methods and technologies, leading to a reliance on manual
decision-making, as shown in Fig. 5. In Fig. 5, r(k) represents oper-
ational indices, y;(k) represents the setpoints of process control
loops and the open-loop control commands determined through
manual decision-making, yj(k) represents the controlled process
output, uj(k) represents the controlled process input, and x,(k)
and x,(k) represents the variables of upstream and downstream
industrial processes, respectively.

The following section provides a brief introduction to an intel-
ligent operational optimization decision-making method for com-
plex industrial processes, which is proposed based on the tight
conjoining of and coordination between industrial Al and the
Industrial Internet with operational optimization and control
methods.

Problem description of the operational optimization decision-
making is given as follows.

Optimization objectives:

max ri(k), i=1,2
min ri(k), i=3,4
Timin < Ti(T) < Timax, 1=1,2,3,4

(1)

where ri(k) represents the operational indices, r;(k) represents the
quality index, r,(k) represents the production output index, r3(k)
represents the energy consumption index, and r4(k) represents the
cost index. T represents the end time of the production process. r}
represents the target values of the operational indices as deter-
mined by the production process requirements, rimax and rimin rep-
resent the upper and lower boundaries of the target values for the
operational indices, respectively.

The constraint equation defined by the following dynamic
model of the operational layer is

ri(k) = g (y;(k), xi(k), xs(k), d) 2)

where g(+) represents nonlinear dynamic models with unknown
system order, model structure, and parameters. x,(k) (I =1, 2, ...,
n,) represents upstream industrial control process variables, while
xs(k) (s=1,2,..., n3) represents downstream industrial control pro-
cess variables. n, and n3 are unknown. x,(k) and x,(k) affect the
dynamic model of the operational layer. d represents the unknown
disturbances.
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The decision variables are the setpoints of the control loops or
open-loop control commands, represented by y; (k), with their cor-
responding interval range defined as

yi (k)| < .j=1,2,...m (3)
where §; represents the upper boundary of the interval for the jth
decision variable.

The above operational optimization decision-making is a multi-
objective dynamic interval optimization problem for a complex
industrial system with continuous and discrete decision variables,
unclear mechanisms, and ambiguous causal relationships, making
it difficult to apply existing operational optimization methods and
technologies. By integrating control, optimization, and prediction
with intelligent behaviors of expert for ODM, and adopting the tar-
get interval of operational indices defined by the production tech-
nologies, the following operational optimization decision-making
structure is proposed as shown in Fig. 6.

ODM module can be implemented using optimization methods,
expert systems, or rule-based reasoning approaches in manual
decision-making. For complex industrial systems, the operational
decision value y;p(k) alone is insufficient to achieve optimization.
The operational index prediction module generates the prediction
value 7;(T). Compensation value Ay;{k) is generated through
operational index prediction and a predictive compensator. The
optimized operational decision value y; (k) can be obtained through
yjp(k) + Ay;(k). This operational optimization structure transforms
the operational optimization problem into the parameter opti-
mization of a predictive compensator. The following briefly intro-

optimization decision-making from the manual ODM shown in
Fig. 5.

As shown in Fig. 5, the manual ODM based on rule reasoning is a
proportional control with variable parameters involving human
participation. That is, the operation decision value y;(k) is gener-
ated by changing the parameters of the proportional controller
according to the error between the actual value of the operation
index and the target value and the changes in the output variables
of the upstream and downstream industrial processes. Due to the
dynamic model g(+) of the ODM layer being under the action of
variable parameter proportional control, the output ri(k) of the
closed-loop ODM system fluctuates up and down around the range
of operation index target values. By using the method in Ref. [52],
the digital twin model of the ODM process can be obtained from
the manual ODM control law and the dynamic model of the oper-
ational layer in Eq. (2).

4 ny ns
yi(k)y =" auri(k) + > " bpxi(k) + > cioxs(k) + vj(k), j =1,2,...,n
i=1 1=1 s=1
(4)

where aj;, by, and c;s are the parameters of the linear model and can
be estimated using the least squares algorithm. ¢(k) is a nonlinear
dynamic system with unknown model structure and system order.
Therefore, by using the method in Ref. [53], an adaptive deep learn-
ing estimation model of v(k) as shown in Fig. 7 can be established.
From Eq. (4), it is known that the input variable of (k) is

(5)

duces the method of realizing intelligent operational x(k) = [y;(k), ri(k), xi(k), xs(k), vj(k = 1)]
A <r,(77
+ | =
Ar(K)
Predictive compensator
Operational indices

r Ayek) prediction
max /e
r Operét?onal ie(k) . fv\ vi(k)

> decision- >(_)
Fimin making

Fig. 6. Structure diagram of operational optimization decision-making.

45


move_f0030
move_f0035

T. Chai and S. Cheng

Engineering 52 (2025) 40-52

Cloud—digital twin model of the operational decision process and self-correction mechanism

4

Linear model input data

Linear model

(k)

Deep learning model
input data at time k and
at previous time steps

Database

Y

Self-correction deep

learning model

y
Self-correction

Weight and
bias parameters
-————

mechanism
X
. Online deep learning Online deep learning |
@)cessmg model input data model v, (k)
Q) i
x(K)
- 703
Operational Linear model input data o Linear model Yk

End-actual operational
decision system

:
|

e i
decision system !
:

!

I

i

i

i

Edge—digital twin model of the operational decision process

Fig. 7. Digital twin model of the ODM process of end-edge-cloud collaboration.

Therefore, taking it as the input of a single neural network, the
number of neurons represents the order of the system, and the
number of nodes of a single neuron and the number of network
layers represent the structure of the system. The deep learning
training method proposed in Ref. [53] can be used to estimate
the number of neurons 7, the number of nodes h, and the number
of network layers L. The digital twin model of the ODM process
based on end-edge-cloud collaboration is shown in Fig. 7.

By adopting the digital twin model of the edge-ODM process
and replacing the actual value r;(k) of the operation index in Eq.
(4) with the target value r;(k), a digital twin-driven intelligent
decision-making model can be obtained as follows,

4 ny ns
yi(k)y =" apri (k) + Y byxi(k) + > cioxs(k) + v(k), j=1,2,..,n
i=1 =1 s=1

(6)

Using the above method, a digital twin model of the operational
index variation process can be established, with the operational
decision value y;(k) as the input and the operational index r{(T)
as the output. Based on the method proposed in Ref. [54], a digital
twin-driven intelligent prediction model for operational indices
can be developed. The predictive compensator based on variable-
parameter proportional control is shown as follows,

yj(k) = Pji(k)Ari(k), Ari(k) =r1;(k) —7i(T)

7
j=1,2,..ni=1,2,3,4 @

where 7(T) represents the forecasted value of r;(T), P;i(k) represents
variable-gain of proportional controller.

When changes in operating conditions and unknown random
disturbances alter the dynamic characteristics of industrial pro-
cesses, it becomes necessary to perform online optimization of
the decision-making system. Real-time parameter optimization
methods require closed-loop experiments, in which the optimized
results are applied to the actual ODM system to obtain the true
outputs of the decision process. However, since RTO methods
may yield poor solutions within the search space of numerical
optimization functions, applying them to the actual operational
system for online correction is not permitted—thus making online
optimization infeasible.
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Since the operational optimization strategy proposed in this
paper transforms the operational optimization into the parameter
optimization of a predictive compensator, the self-learning, self-
optimizing method for compensator parameters, as illustrated in
Fig. 8, is established using the control system parameter self-
learning and self-optimizing algorithm described in Refs. [55,56].

By adopting the above-mentioned digital twin modeling
method for the ODM process, a digital twin model can be estab-
lished with the actual decision value y; (k) as the input and the
actual operational index ri(k) as the output. Combining the digital
twin model with the self-learning and self-optimizing ODM algo-
rithm shown in Fig. 8 can achieve self-optimization of the param-
eters of the ODM system in the digital space. In Fig. 8, Fj(k)
represents the optimization performance index. By adopting the
end-edge-cloud collaboration technology of the Industrial Inter-
net, a parameter self-learning and self-optimizing system for the
cloud-edge collaborative ODM system that operates in real-time
collaboration with the end-operation decision-making system
can be established. The system structure is shown in Fig. 9. The
end is the ODM and control system of the industrial site, which
uploads the industrial big data of the ODM and control process
to the Al computing platform in the cloud. The cloud is the
cloud-edge collaborative digital twin system for ODM processes.
The edge is the cloud-edge collaborative parameter self-learning
and self-optimizing system for the intelligent operational opti-
mization decision-making system based on industrial servers,
remotely self-tuning the parameters of the ODM system in the
industrial field with the optimized parameters.

The above-mentioned intelligent operational optimization
decision-making method has been applied to the production pro-
cess of alumina dissolution [57] and the entire process of fused
magnesia production [45]. The following takes the HPGR as an
example to introduce the intelligent operational optimization
decision-making method.

4.1.2. Application example of intelligent operational optimization
decision-making for HPGRs

HPGR is a key industrial system in the mineral processing pro-
duction process. The current situation of its manual ODM is shown
in Fig. 10. Based on experience and knowledge, the operation per-
sonnel, in accordance with the target value range and actual value
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Fig. 9. Structure diagram of the intelligent ODM system based on end-edge-cloud
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of the operational indices characterizing energy consumption (e.g.,
moving roller current and fixed roller current), the operational
indices characterizing roller grinding efficiency (e.g., return ore
ratio), and the upstream and downstream process variables affect-
ing the operational indices, manually decide and tune the setpoints
of the material weight control loop of the feeding bin, the opening
degrees of the movable and fixed end valves, and the control
instruction for the frequency of post-roll feeder No. 2 and feeder
No. 5. Through the above control loop and open-loop control, the
output of the controlled process tracks the decision-derived set-
points of the control loop and the open-loop control commands,
keeping the operational indices within the target range.

The operational optimization decision-making problem for
HPGRs is formulated as follows.

The optimization objectives is

min [r;(k) —r:(k))>, i =1,2,3
45 A <ri(k)<55A

45 A<ry(k) <55A

40% < r3(k) < 60%
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where ri(k) is the operational indices, r1(k) is the moving-roller cur-
rent, ,(k) is the fixed-roller current, r3(k) is the return ore ratio, and
17 (k) is the target value, rj(k) = 50 A, r5(k) = 50 A, r3(k) = 50%.

The constraint equation is the following dynamic model of the
operational layer:

ri(k) :fi(yj(k)7xl(k)vxs(k)7 di)y

ji=12,.,51=1,2,..,6,5s=78,.. 14 9)

where fi(y;(k), x/(k), x,(k), d;) represents nonlinear dynamic systems
with unknown model structure, system order, and model parame-
ters; yj(k) represents the output of the controlled process. y;(k) rep-
resents the feed bin weight, y,(k) represents the opening degrees of
the movable end valve, y3(k) represents the opening degrees of the
fixed end valve, y,(k) represents the frequency of post-roll feeder
No. 2, and ys(k) represents the frequency of post-roll feeder No. 5.
x/(k) and x,(k) represent upstream and downstream production pro-
cess variables that influence the operational indices r;(k). For exam-
ple, x1(k) represents the current of the feeding belt conveyor, x,(k)
represents the current of the discharge belt conveyor No. 1, x3(k)
represents the current of the discharge belt conveyor No. 2, x4(k)
represents the current of the return-material belt conveyor, and
Xxs(k)-x14(k) are other variables of the HPGR production process,
while d; represents an unknown random disturbance.

Decision variables are y; (k). yi(k) represents the setpoints for
material weight control loop, y;(k) represents the command on
the opening degrees of the movable end valve, y;(k) represents
the command on the opening degrees of the fixed end valve,
v, (k) represents the command on the frequency of post-roll feeder
No. 2, and y; (k) represents the command on the frequency of post-
roll feeder No. 5. Their interval ranges are

ﬁww<¢jznzm5 (10)
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The above operational optimization decision-making problem is
a multi-objective dynamic interval optimization problem for a
complex industrial system involving both continuous and discrete
decision variables, making it difficult to apply existing operational
optimization methods and technologies. By integrating the intelli-
gent operational optimization decision-making method described
in Section 4.1.1 with the ODM process of HPGRs, an intelligent
operational optimization decision-making method for HPGRs is
proposed. The digital twin-driven intelligent operational decision
model and the digital twin model of the ODM process are shown
as follows.

3 3 N ]

yi (k) =" @ (k) + Y bjmXm(k) + 2j(k), j=1,2,..,5 (11)
i=1 m=1
5 . 3 N

rik) = > @y (k) + > binXm(k) + vi(k), 1=1,2,3 (12)
j=1 m=1

where x,,(k) represents the variables obtained by analyzing the
variables of upstream and downstream industrial process.

By utilizing the ODM process digital twin model in Eq. (12) and
applying the method in Ref. [54], the digital twin-driven intelligent
prediction model for operational indices can be obtained,

5 3
H(T) =gy (k) + > bimXm(k) + Di(k), i=1,2,3 (13)
j=1 m=1

dy Gy, Gy 8y a3
by Gy Gy Gy G
iy oy oy 0y

228x107" 1.67x107" 1.67x107" -1.69x107% 3.62x10°°
[2.18><10] 471x10% 217x10" -1.36x10% 6.99x10°3

7.35x1072 13.1x107" -13.3x107" —1.43x10~% -9.07x 1073

(14)
by by, by 6.55x107% 1.18x10"" -335x107*
by, by, by|=1599x102 131x10" —4.07x10"*
bbb 693x10° -547x107° -1.01x107
31 32 33

(15)

where #;(k), ?;(k), and #;(k) represent the estimated values of the
adaptive deep model combining long short-term memory (LSTM)
and one-dimensional convolutional neural network (1D CNN) with
the same neural network structure. The number of LSTM neurons is
n = 20, the number of nodes is h =50, the number of network layers
is L=2, and the number of attention mechanism heads is 2. For the
1D CNN, the number of neurons is n = 20, the number of nodes is
h=50, and the number of network layers is L=1. By applying the
HPGR ODM process digital twin model in Eq. (12) and the self-
learning and self-optimizing ODM algorithm structure shown in
Fig. 8, along with the method from Ref. [55], the prediction compen-

sator and compensator parameters can be obtained.
“(k) = P;i(k)Ar;(k

¥; () = Pyl Ari(k) 16

Ari(k) =i (k) —7:(T)

where T represents the time from the moment the feed enters the
crushing and screening system to when it enters the buffer bin after
roller milling and

0.01 0.01 0.001
001 046 1.19
P=|060 084 1.17 (17)

033 050 0.73
0.06 0.01 1.02

The aforementioned HPGR intelligent operational optimization
decision-making algorithm and the HPGR intelligent ODM and
control system based on end-edge-cloud collaboration, as shown
in Fig. 11, are applied for industrial use and compared with manual
ODM in an experimental setup. The ODM setpoints and operational
indices are shown in Figs. 12 and 13.

The experimental results, evaluated using mean squared error
(MSE) in Eq. (18) and integral of absolute error (IAE) in Eq. (19),
are presented in Table 1.

MSE = % ZN: les(k))* (18)
k=1

IAE = ZN: lei(k)| (19)
k=1
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Fig. 13. The setpoint and operational index curves for intelligent ODM.

Table 1
A comparison of the effects of the operational indices tracking.
Item MSE IAE
ei(k) ex(k) es(k) ei(k) ea(k) es(k)
Manual ODM 36.829 33.117 0.023 18776.9 17314.1 710.3
Intelligent ODM 7.161 8.239 0.003 9546.8 10723.7 234.7
Reduce (%) 80.56 75.12 86.96 49.16 38.06 66.96
where e;(k) = ri(k) — 7 (k). e Design methods for high-performance intelligent control
Compared to manual ODM, the intelligent ODM method systems in complex industrial processes;
improves roller milling efficiency by 3.3% and reduces roller e Self-learning and self-optimizing methods for control system
milling energy consumption by approximately 0.51%. parameters;
o Intelligent operational optimization decision-making meth-
4.2. Application case of intelligent operational optimization decision- ods for complex industrial processes;
making for HPGRs e Self-learning and self-optimizing methods for ODM system
parameters;

The main research directions for the intelligent industrial pro- e Integrated methods for intelligent optimization decision-

cess ODM include: making and control;

e Digital twin-based intelligent modeling methods for ODM e Integrated methods for intelligent perception, recognition,
processes; decision-making, and control;

o Intelligent algorithms for heterogeneous industrial big data- e Secure and reliable end-edge-cloud collaborative imple-
driven complex operating condition perception and mentation technology for intelligent operational optimiza-
recognition; tion decision-making algorithms.

e Digital twin-driven intelligent forecasting of operational By deeply integrating and coordinating next-generation infor-
indices; mation technologies such as industrial Al and Industrial Internet
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with industrial process modeling, control, and optimization tech-
nologies, this research aims to leverage major advancements in
Al, adopt a problem-driven and interdisciplinary collaborative
approach, and combine academic methods with technological
development to establish a new research paradigm. To this end,
the following research approaches are proposed:

(1) Identify the urgent issues in enterprise production process
ODM and select appropriate research scenarios, such as manual
perception and recognition of operating conditions, as well as
industrial scenarios where knowledge workers struggle to timely
and accurately determine process control system setpoints and
commands, leading to poor product quality, high energy consump-
tion, and excessive material consumption.

(2) Define research objectives, aiming to match or surpass the
decision-making effectiveness of expert-level knowledge workers
in ODM.

(3) Establish an industrial big data-driven intelligent research
and experimentation platform for industrial process ODM.

(4) Apply system engineering methods to study intelligent sys-
tems for industrial process ODM.

(5) Innovate research mechanisms to establish a long-term
stable collaboration model spanning fundamental research,
cutting-edge technology development, engineering applications,
and productization, along with a dedicated research and develop-
ment team.

5. Conclusions

This paper gives an analysis of the role of industrial control and
optimization technologies in three Industrial Revolutions, as well
as the present situation of and existing problems in ODM in indus-
trial process. Based on this analysis, this study proposes the con-
cept, development directions, and key technical challenges in
intelligent ODM in industrial process. The introduction of the intel-
ligent operational optimization decision-making method for com-
plex industrial process and its successful application in an HPGR
process demonstrate that the tight conjoining of and coordination
between next-generation information technologies such as indus-
trial Al and Industrial Internet with industrial control and opti-
mization technologies has opened new pathway for solving the
challenges in intelligent ODM in industrial process. Finally, the
main research directions and approaches for intelligent ODM in
industrial process are proposed.
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