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Based on the analysis of the characteristics and operation status of the process industry, as well as the
development of the global intelligent manufacturing industry, a new mode of intelligent manufacturing
for the process industry, namely, deep integration of industrial artificial intelligence and the Industrial
Internet with the process industry, is proposed. This paper analyzes the development status of the exist-
ing three-tier structure of the process industry, which consists of the enterprise resource planning, the
manufacturing execution system, and the process control system, and examines the decision-making,
control, and operation management adopted by process enterprises. Based on this analysis, it then
describes the meaning of an intelligent manufacturing framework and presents a vision of an intelligent
optimal decision-making system based on human–machine cooperation and an intelligent autonomous
control system. Finally, this paper analyzes the scientific challenges and key technologies that are crucial
for the successful deployment of intelligent manufacturing in the process industry.
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1. Introduction

There are two main types of manufacturing industry: discrete
industries, which include machinery and equipment manufactur-
ing; and process industries, which are represented by important
raw material industries, such as the petrochemical, metallurgy,
building material, and energy industries. Manufacturing is an
essential basic industry of the national economy, and is an impor-
tant force supporting sustained economic growth and the global
economy. Discrete manufacturing is a physical process, and its
products can be counted individually. Therefore, it is easy to digi-
talize the manufacturing process, to emphasize personalized needs
and flexible manufacturing. However, the production and opera-
tion mode in the process industry have prominent characteristics
that are not easily digitalized. For example, raw materials change
frequently, production processes involve physical and chemical
reactions, and the mechanisms involved are complex. A production
process is continuous and cannot be stopped, and problems in any
part of the process will inevitably affect the whole production
line and the quality of the final products. The raw material
composition, equipment status, process parameters, and product
quality of some industries cannot be measured in real time or be
comprehensively measured. The abovementioned characteristics
of the process industry are manifested in difficulties in measure-
ment, modeling, control and optimization, and decision-making.

After decades of development, China’s manufacturing industry
continues to develop rapidly, with a substantial increase in its
overall scale and continuous enhancement of its comprehensive
strength. At present, China is the world’s largest manufacturing
country, with the most comprehensive categories and the largest
scale; it is also the only country in the world with industries in
all the industrial categories listed under the United Nations Indus-
trial Classification [1,2]. The main problems experienced in China’s
manufacturing industry are high energy consumption, high
resource consumption, lower value-added products, and high envi-
ronmental pollution. Therefore, high efficiency must be achieved
while ‘‘greening” manufacturing processes. High efficiency is nec-
essary in order to realize the optimal control of comprehensive
production indices, such as product quality, output, cost, and con-
sumption. It is also needed in order to realize safe and reliable
operation of the whole production process under situations in
which the market and/or raw materials may change. Thus, high
efficiency will lead to high performance and high added-value
products, while maximizing the profits of enterprises. ‘‘Greening”
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is the efficient use of energy and resources, such that the consump-
tion of energy and resources is as low as possible, leading to zero
emission of pollutants and environmental conservation [3–7].

Intelligent manufacturing has become the core high technology
for enhancing the overall competitiveness of the manufacturing
industry. Artificial intelligence (AI) technology has become an
important trend in industrial manufacturing. For example, general
AI technology was first proven to be suitable for diagnosis and pre-
diction problems in complex industrial scenarios [8,9]. AI technol-
ogy accelerates the development of intelligent manufacturing [10–
13]. The development trend of intelligent manufacturing is shown
in Fig. 1 [14].

The emergence of the steam engine and the feedback governor
based on mechanical technology triggered the First Industrial
Revolution; the emergence of electrical power and the control sys-
tem based on electrical technology led to the Second Industrial
Revolution; and the emergence of the program logic controller
(PLC) and the distributed control system (DCS) triggered the Third
Industrial Revolution. From these three industrial revolutions, it
can be seen that the development of efficient new energy and
information technologies is the key to changing the industrial pro-
duction mode and enhancing its competitiveness. Steam engines
and power generation equipment made it necessary to use control
systems when steam and electricity became energy sources. Feed-
back control technology enabled the mechanical governor to con-
trol the speed of steam-powered mechanical sewing machines,
while feedback control technology and logical sequence control
technology enabled the electrical control system to control the
stable operation of the conveyer belt in electric-powered slaugh-
terhouses. The PLC and DCS, which were invented through the
close integration of computer technology and control technology,
greatly improved the automation of large-scale production lines.

At present, with the rapid development of AI, the mobile inter-
net, cloud computing, the Industrial Internet, and other technolo-
gies, we are currently within the Fourth Industrial Revolution.
Developed countries have implemented re-industrialization strate-
gies to strengthen their manufacturing innovation and reshape
new competitive advantages in the manufacturing industry. Some
developing countries are also accelerating their plannings and
strategies actively participating in the global industrial redivision
of the workforce, and seeking a favorable position in the new round
of industry competition [7,15]. Within the general trend of the
Fig. 1. Roadmap of the First, Second, Third, and Fourth Industrial Revolutions. R
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global industrial development, developed countries are using their
leading edge in the field of information technology to accelerate
the establishment of intelligent manufacturing industry. For exam-
ple, in October 2016, the National Artificial Intelligence Research
and Development Strategic Plan set out by the US National Science
and Technology Council stated that AI can be used to improve the
operation of manufacturing processes, enhance the flexibility of
manufacturing processes, improve product quality, and reduce cost
[16]. In May 2018, the US White House hosted the Summit on Arti-
ficial Intelligence for American Industry, at which the attendees
were organized into industry-specific sessions to share novel ways
in which industry leaders were using AI technologies to empower
the American workforce, grow their businesses, and better serve
Their customers [17]. The US National Science Foundation (NSF)
also stated that AI has the potential to transform all aspects of
American industry and create new hope for advanced manufactur-
ing [18]. In August 2020, the National AI Research Institutes of the
US NSF issued a new funding opportunity focusing on eight
themes, of which the AI Institute in Dynamic Systems is one. The
AI Institute in Dynamic Systems supports fundamental AI, machine
learning theory, algorithms, and related engineering and scientific
research and education for real-time sensing, learning, decision-
making, and prediction in order to lead the development of safe,
reliable, and efficient AI [19]. The research and development bud-
get priorities of the United States in both the fiscal years 2020 and
2021 revealed that, in order to ensure that the United States
remains at the global forefront of science and technology discovery
and innovation, priority should be given to smart and digital
manufacturing—especially systems enabled by the Industrial Inter-
net of Things, machine learning, and AI [20,21]. After its Industry
4.0 initiative, Germany launched the development and application
of ‘‘learning systems” in September 2017 to make future work and
production more flexible and resource efficient [22]. In November
2018, the German Federal Government announced its AI strategy,
which emphasized that AI is a key component and essential driver
promoting the smart monitoring, management, and control of
industrial processes, in order to render them more flexible and
thus promote Industry 4.0 to the next level [23]. In addition, the
United Kingdom announced the UK Industry 2050 Strategy, Japan
proposed the i-Japan Strategy, and Republic of Korea launched
the Manufacturing Innovation 3.0 Strategy. Facing the new adjust-
ment in the global industrial competition brought by the Fourth
eproduced from Ref. [14] with permission of Science China Press, � 2016.
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Industrial Revolution, the Chinese Academy of Engineering led a
research report entitled ‘‘New-Generation Artificial Intelligence-
Driven Intelligent Manufacturing.” The report proposed that the
goal of the new generation of intelligent manufacturing, which
marks the second stage of China’s intelligent manufacturing
(2025–2035), should be to make China’s intelligent manufacturing
technology and application level at the forefront of the world
[24,25].

Intelligent manufacturing has become the core high technology
for enhancing the overall competitiveness of the manufacturing
industry. Intelligent manufacturing is the main direction for China
to achieve manufacturing power [7,26]. To achieve the leapfrog
development of the process industry (i.e., jumping from a lower
technological level to a much higher one while skipping intermedi-
ate levels), it is necessary to integrate intelligent manufacturing
with the characteristics and goals of the process industry; to make
full use of big data; to deeply integrate information technologies,
such as AI, the mobile Internet, cloud computing, modeling, con-
trol, and optimization, with the physical resources of the process
industry; and to develop various new functions to achieve the
goals of intelligent manufacturing [13,27–30]. In order to enable
industrial AI and the Industrial Internet to play an irreplaceable
role in intelligent manufacturing in the process industry and to
accelerate the development process of China’s manufacturing
industry toward digitalization, networking, and intelligence, this
paper takes the intelligentization of the entire process of the man-
ufacturing and production of the process industry as the applica-
tion scenario and describes the meaning of intelligent
manufacturing for the process industry, proposes research direc-
tions, and suggests research methods.

2. Analysis of the current status of decision-making, control,
and operation management in the whole production process of
the process industry

The current status of decision-making, control, and operation
management in the whole production process of the process
Fig. 2. The current status of decision-making, control, and operation management in the
permission of Acta Automatica Sinica, � 2020.
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industry is shown in Fig. 2 [13]. A process enterprise comprises a
three-tier structure consisting of the enterprise resource planning
(ERP), the manufacturing execution system (MES), and the process
control system (PCS). The enterprise manager obtains the enter-
prise resource information through the ERP system and makes
decisions regarding the target ranges of the comprehensive pro-
duction indices, including product quality, output, energy con-
sumption, material consumption, and cost, based on his or her
experience and knowledge. The production manager obtains pro-
duction information through the MES and uses her or his experi-
ence and knowledge to decide the target value ranges of
production indices for the whole process of manufacturing and
production. The operation management and process engineer
obtains the operating conditions through the PCS, obtains produc-
tion information through his or her senses (i.e., sight, hearing, and
touch), and then makes decisions based on his or her experience
and knowledge in order to reflect the target value ranges of the
operational indices of the quality, efficiency, and consumption of
the product processing of the industrial process. According to the
target value ranges of the operational indices and the actual pro-
duction situation, the operator decides the control command for
the PCS based on her or his experience and knowledge. The PCS
causes the output of the controlled process to follow the control
command by controlling the whole manufacturing and production
process, thereby controlling the quality, efficiency, and consump-
tion operational indices of the processed product, as well as the
production indices of the whole manufacturing and production
process within the target value ranges [31,32].

Although most enterprises have deployed the three-tier struc-
ture system or the two-tier structure system of MES and PCS, these
systems mainly realize information integration and management
functions [32]. Decisions on enterprise objectives (i.e., profit, envi-
ronmental protection, etc.), resource planning and scheduling,
operational indices, production instructions, and control com-
mands are still made by knowledge workers based on their knowl-
edge and experience. However, knowledge workers cannot realize
integrated optimal decisions on enterprise objectives, production
whole production process of the process industry. Reproduced from Ref. [13] with
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planning and scheduling, or seamless integration and optimization
of ERP and MES. Fig. 3 [13] depicts the decision-making, control,
and operation management of the whole production process of
the process industry, which can be viewed as a cyber–physical sys-
tem (CPS) with humans [33]. Operators and knowledge workers
obtain production information from the information system, and
obtain multi-source heterogeneous production information
through their human senses of sight, hearing, and touch. They then
use their brains’ capability for learning, cognition, analysis, and
decision-making, together with their own experience and knowl-
edge, to make decisions regarding comprehensive production
indices, production indices for the whole manufacturing and pro-
duction process, operational indices, and control system
commands.

It is difficult to achieve global optimization of the whole manu-
facturing and production process, since humans cannot perceive
dynamically changing operation conditions in a timely and accu-
rate manner [34]. Moreover, human decision-making behaviors
constrain the development of the process [35]. In general, the cur-
rent focus of China’s process industry is on the automation of the
material transformation process of industrial equipment and the
informatization of the production process, operation management,
and enterprise management. There is a lack of research on the
automation and intelligence of knowledge work in process design,
resource planning, and production process operation management.

The development of the mobile internet, edge computing, cloud
computing, and the fifth-generation mobile communication tech-
nology (5G) has led to the birth of industrial AI and the Industrial
Internet. The essence of industrial AI is to combine general AI tech-
nology with specific industrial scenarios in order to achieve inno-
vative applications, such as design model innovation, intelligent
production decision-making, and optimal resource allocation.
Industrial AI grants an industrial system the capabilities of self-
perception, self-learning, self-execution, self-decision-making,
and self-adaptation, allowing it to adapt to a complex and change-
able industrial environment and complete diversified industrial
tasks; this ultimately improves production efficiency, product
quality, and equipment performance [36]. The Industrial Internet
provides enterprises with the opportunity to obtain industrial big
data, which drives the development of industrial AI technologies
as well as changes in scientific research models and methods
[37]. Examples include the emergence of CPS and convergence
research [38], which have promoted the digitalization, networking,
and intelligence of industrial process manufacturing. The Fourth
Industrial Revolution will realize the automation and intelligence
of manufacturing knowledge work [4,13,19,33].
Fig. 3. A cyber–physical system with humans. Reproduced from R
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3. The meaning and vision of intelligent manufacturing for the
process industry

Intelligent manufacturing for the process industry is a manufac-
turing model characterized by the realization of management and
decision-making for the whole manufacturing and production pro-
cess, along with intelligent optimization and intelligent autono-
mous control. The goal of intelligent manufacturing is to ‘‘green”
enterprises and increase their efficiency to a high level. As shown
in Fig. 4 [13], the operator’s knowledge work becomes automated,
and the control system and manufacturing process are trans-
formed into an intelligent autonomous control system. The knowl-
edge work of enterprise managers and production managers is
made more intelligent. ERP and MES are changed into an intelli-
gent management and decision-making system based on human–
machine cooperation. The original three-tier structure of the enter-
prise, consisting of ERP, MES, and PCS, is transformed into a two-
tier structure, consisting of an intelligent management and
decision-making system of human–machine cooperation and an
intelligent autonomous control system, as shown in Fig. 5 [13].
The decision-making, control, and operation management of the
whole manufacturing and production process are transformed
into a CPS. As shown in Fig. 6 [13], the intelligentization of the
whole manufacturing and production process will automate and
intelligentize the knowledge work of operators and knowledge
workers. The knowledge workers in the CPS are planners,
managers, and decision-makers [34].

The intelligent management and decision-making system based
on human–machine cooperation is mainly composed of three sub-
systems: intelligent optimal decision-making, a virtual manufac-
turing process, and operating condition recognition and self-
optimization control [14,34]. The desired functions of this intelli-
gent management and decision-making system are as follows:

(1) Perceiving market information, production conditions, and
operating conditions of the manufacturing process in real time;

(2) With the goal of high efficiency and enterprise ‘‘greening”,
realizing integrated optimal decision-making of the enterprise’s
comprehensive production indices, planning and scheduling
indices, whole-process production indices of manufacturing and
production, operational indices, production indices, and control
commands;

(3) Achieving remote and mobile visual monitoring of the
dynamic performance of the decision-making process;

(4) Through self-learning and self-optimization decision-
making, realizing collaboration between humans and the intelli-
gent optimal decision-making system, so that decision-makers
ef. [13] with permission of Acta Automatica Sinica, � 2020.



Fig. 4. The intelligent manufacturing and production process. Reproduced from Ref. [13] with permission of Acta Automatica Sinica, � 2020.

Fig. 5. The manufacturing process changed from a three-tier structure to an
intelligent two-tier structure. Reproduced from Ref. [13] with permission of Acta
Automatica Sinica, � 2020.
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can accurately optimize decision-making in a dynamically chang-
ing environment.

The intelligent autonomous control system is mainly composed
of three subsystems: intelligent operation optimization, high-
performance intelligent control, and operating condition recogni-
tion and self-optimization control. The desired functions of this
intelligent autonomous control system are as follows:

(1) Intelligently perceiving changes in production conditions;
(2) With the goal of optimizing the operational indices, adap-

tively making decisions for the set value of the control system;
(3) Intelligently tracking changes in the set value of the control

system with a highly dynamic performance, and controlling the
actual operational indices within the target value ranges;

(4) Achieving real-time remote monitoring and mobile moni-
toring, and predicting and eliminating abnormal operating condi-
tions, so that the system is operated in a safe and optimal manner;
1228
(5) Cooperating with the intelligent autonomous control sys-
tems of the other industrial processes that make up the whole pro-
duction process in order to achieve global optimization of the
whole production process.
4. Scientific challenges and key technologies

The intelligentization of the whole production process in the pro-
cess industry poses challenges to modeling, control, and optimization
based on mathematical models or causal data in automation science
and technology. Industrial AI and the Industrial Internet provide new
methods and technologies to achieve the intelligentization of the
whole production process for the process industry.

Although the definition of industrial AI is unclear and changes
over time, the core goal of industrial AI research and its application
is to achieve the automation and intelligence of knowledge work in
current industrial production activities, with the aim of signifi-
cantly improving their economic and social benefits. Such activities
include production and process design, operation management and
decision-making processes, and manufacturing processes and the
control of operation and management—activities that currently
rely on human perception, cognition, analytical decision-making
capability, experience, and knowledge.

The research goals of industrial AI are to realize the automation
and intelligence of knowledge work; to develop AI algorithms and
AI systems for the recognition, prediction, and decision-making of
operating conditions by using industrial big data; and to design soft-
ware for human–machine cooperation management, intelligent
decision-making, and AI systems that supplement and enhance the
capabilities of knowledge workers in production and design pro-
cesses. Moreover, AI algorithms, arithmetic power, and human–com-
puter interaction are issues that cannot be ignored [39].

The emergence and development of the Industrial Internet have
been accompanied by the development of big data, CPS, the
Internet, and other information technologies, as well as a major
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demand for advanced manufacturing and intelligent manufactur-
ing. In October 2012, General Electric in the United States proposed
the concept of the Industrial Internet in a white paper entitled
‘‘Industrial Internet: Pushing the Boundaries of Minds and
Machines.” In January 2011, the German Industrial Science
Research Alliance proposed the Industry 4.0 strategy. In November
2011, the Industry 4.0 strategy was included in the High-Tech
Strategy 2020. Recently, both the United States and Germany have
developed strategies for the development of the Industrial Internet
in combination with AI technology. On 18 October 2019, Chinese
President Xi Jinping sent a congratulatory letter to the opening cere-
mony of the Industrial Internet Global Summit, which was held in
Shenyang, the capital of Northeast China’s Liaoning Province. In
this letter, Xi stated that breakthroughs are being made in Indus-
trial Internet technologies with the accelerating new round of
science and technology revolution and industrial transformation,
and that these breakthroughs are injecting new impetus into the
economic innovation of all countries, while providing new oppor-
tunities for the integrated development of global industries. China
attaches great importance to the innovative development of the
Industrial Internet, Xi said, adding that China is willing to work with
the international community to enhance the innovation capability of
the Industrial Internet, so as to realize the integrated development of
industrialization and informatization on a broader, deeper, and
higher level [40]. This statement indicated the direction for the
high-quality development of China’s Industrial Internet. In order to
make the Industrial Internet into a powerful driving force for the
high-quality development of China’s manufacturing industry, it is
essential to carry out research on the mode and path of the high-
quality development of the Industrial Internet.

Given the development status of China’s process industry, the
need to achieve digitalization, networking, and intelligence, and
the development goals of industrial AI and the Industrial Internet,
we propose that the following scientific issues need to be resolved:

(1) Recognition and feedback control of complex operating con-
ditions based on a combination of dynamic system modeling and
deep learning;

(2) Knowledge mining of dynamic characteristics, operation,
and decision-making based on a combination of mechanism anal-
ysis and industrial big data analysis;

(3) Human–machine cooperative optimal decision-making
based on a combination of prediction, feedback, and reinforcement
learning;
1229
(4) Integration of intelligent optimal decision-making and con-
trol with multi-conflict targets and multi-conflict constraints, on
multiple time scales.

In order to tackle these scientific problems, it is necessary to
adopt the concepts of the CPS and convergence research [37]. Con-
vergence research is a new research paradigm and mindset that is
characterized by being problem driven. The problems addressed by
convergence research are challenging scientific research problems
or major challenges involving social needs, which require interdis-
ciplinary collaborative research. In order to solve such complex
problems, it is necessary to integrate knowledge, methods, and
expertise from different disciplines in order to form a new frame-
work to promote scientific discovery and innovation. Combining
disciplinary methods and technologies is the best—or even the
only—strategy to solve such complex problems. Team science is
becoming a more typical research mode [41,42]. To this end, we
propose that the following key technologies urgently need to be
resolved:

(1) Intelligent perception and recognition of multi-scale and
multi-source information on operating conditions in complex
industrial environments;

(2) Fast and reliable transmission technology for 5G-based
multi-source information in complex industrial environments;

(3) Intelligent modeling, digital twin technology, and visualiza-
tion technology of complex industrial systems based on a combi-
nation of system identification and deep learning;

(4) Prediction and traceability of key process parameters and
production indices;

(5) Intelligent autonomous control technology for complex
industrial systems;

(6) Intelligent optimal decision-making for human–machine
cooperation;

(7) Intelligent optimal decision-making and control integration
technology;

(8) ‘‘End-edge-cloud” collaborative realization technology for
industrial AI algorithms.
5. Conclusion

In order to realize industrial intelligence in the process industry,
it is necessary to deeply integrate industrial AI and the Industrial
Internet with the domain knowledge work of the process industry,
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and to develop AI algorithms and AI systems that supplement and
enhance the capabilities of knowledge workers. This article
reviewed the shortcomings of the existing decision-making, con-
trol, and operation management of the entire production process
in the process industry, and described the meaning of and pre-
sented a vision of intelligent manufacturing in the process indus-
try. Given the development status of China’s process industry
and the need for digitalization, networking, and intelligence, chal-
lenging scientific issues and key technologies toward intelligent
manufacturing for the process industry were proposed.
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