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Abstract. A collaborative optimization system for industrial intelligent manufacturing and digital
electromechanical systems based on artificial intelligence (AI) technology achieves real-time monitoring and
smart management of the production process through data collection, analysis, and processing and digitizes
modeling and simulation to achieve collaborative optimization and intelligent control. Analyzing the
components and control modules, power modules, and system parameters under the electromechanical system,
the traditional proportional–integral–derivative (PID) control and fuzzy neural network PID control methods
were compared. The results showed that under constant load, the maximum errors between the tracking speed
and the preset speed were 0.3 m/s and 0.2 m/s, respectively, when the PID control speed curve speed was 0–40ms
and 40–100 ms. When the speed curve of fuzzy neural network PID control under constant load was 0–40 ms and
40–100 ms, the maximum errors between the tracking speed and the preset speed were 0.2 m/s and 0.2 m/s,
respectively. According to the results, the tracking control effect of fuzzy neural networkPID control was superior.

Keywords: Artistic intelligence / industrial intelligence / cooperative optimization system /
digital electromechanical system / fuzzy neural network
1 Introduction

With the raproportional–integral–derivative develop-
ment of modern industry, the deep integration of digital
intelligent control technology and mechatronics systems
has become a key driving force for improving production
efficiency and product safety. The wave of Industry 4.0
and intelligent manufacturing has promoted real-time
monitoring and intelligent management of production
processes, meeting the demands of modern manufactur-
ing for customization, efficiency, and low carbon
emissions. The rapid proportional–integral–derivative
development of technologies such as artificial intelli-
gence, big data, and cloud computing has brought
revolutionary changes to industrial automation. For
example, in the field of electromechanical systems such as
high-voltage switch control, the application of intelligent
technologies is becoming a research hotspot. However,
although these technologies have significantly optimized
operational processes, many challenges remain in
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practical applications, such as insufficient control
precision, poor system adaptability, and difficulties in
parameter co-optimization. These problems restrict the
further promotion of intelligent manufacturing in
industry. Therefore, developing an intelligent control
method capable of achieving co-optimization of electro-
mechanical systems is of significant engineering impor-
tance and urgency.

The motivation for this research stems from addressing
the tracking control accuracy problem of digital electro-
mechanical systems (DEMs) under dynamic loads in
intelligent industrial manufacturing. Traditional control
methods, such as proportional–integral–derivative control,
are stable under constant loads but tend to exhibit response
lag and increased errors under variable loads, leading to
decreased production efficiency and shortened equipment
lifespan. Especially in typical applications such as high-
voltage switches and robot manipulators, achieving fast
and accurate speed tracking has become a key engineering
challenge. This paper aims to design a collaborative
optimization system by introducing artificial intelligence
technology to reduce speed tracking errors and improve the
system’s robustness and adaptability.
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This research focuses on improving the control
parameters of digital electromechanical systems, specifi-
cally reducing the speed tracking error from 0.3 m/s in
traditional proportional–integral–derivative control to
below 0.2 m/s using a fuzzy neural network proportion-
al–integral–derivative control algorithm, and achieving
stability with error fluctuations of less than ±0.02 m/s
under variable load conditions. Simultaneously, this
research aims to improve overall equipment efficiency
and reduce unplanned downtime, thereby verifying the
system’s effectiveness in real-world industrial scenarios.
The innovation lies in combining digital twin technology
with fuzzy neural network proportional–integral–deriva-
tive control to construct a “parameter-coordinated”
optimization framework. This framework not only achieves
parameter linkage across levels (from control equipment to
workstations) and throughout the entire lifecycle (devel-
opment and operation/maintenance) but also enhances the
joint design of control algorithms and mechanical struc-
tures through a multisource data-driven mechanism. This
innovation breaks through the limitations of traditional
control and provides a scalable solution for intelligent
manufacturing in industry.

This research area encompasses industrial automation,
mechatronics, and artificial intelligence applications.
Specific research objects include typical digital electrome-
chanical systems such as crank-slider mechanisms, which
consist of mechanical components and control modules,
such as DC servo motors and flexible connecting rods.
Through multibody dynamics modeling and real-time
simulation, this study treats the EEMS as a whole,
optimizing the synergy between its functional modules. To
achieve these goals, the research tasks include system
architecture design (covering data acquisition, analysis and
processing, intelligent management, DEMS, and control
system modules), control algorithm development (com-
paring traditional proportional–integral–derivative with
fuzzy neural network proportional–integral–derivative),
simulation experiments for verification (testing perfor-
mance under constant and variable loads), and compre-
hensive evaluation (such as temperature effects and energy
efficiency analysis). These tasks ensure consistency from
theory to practice, laying the foundation for subsequent
engineering deployment. In summary, this paper proposes
an innovative collaborative optimization system by
integrating advanced artificial intelligence technologies,
aiming to promote the development of intelligent
manufacturing in industry. Subsequent chapters will
elaborate on the relevant work, methods, experimental
results, and discussion to comprehensively demonstrate the
contributions and practicality of this research.
2 Related work

Industrial intelligent manufacturing refers to the use of
artificial intelligence, big data, cloud computing, and other
technologies to achieve real-time monitoring and smart
management of the production process, thereby improving
production efficiency and product quality. Ha S proposed a
new computational method to optimize the morphological
design of robots. He took parameterized robot design and
motion plans composed of trajectories of end effectors and
optional body trajectories as inputs. The algorithm
optimized design parameters, including link length,
actuator position, and adjusted motion parameters, such
as joint trajectory, actuator input, and contact force.
Finally, the morphological framework of the optimized
robot was further validated by optimizing the design of two
small quadruped robots and testing their performance
using hardware implementation [1]. With the development
of raproportional–integral–derivative prototyping and
mechatronics in recent years, the problems of synchronous
design and motion optimization or joint design have
become increasingly significant in the field of robotics. Due
to computational operability, all existing methods used
simplified approximations of robot motion dynamics
models. Kwon J has empirically confirmed that any model
approximation that was physically inconsistent, i.e., the
kinetic model parameters could not accurately reflect the
shape of the actual link, could sometimes lead to significant
errors in optimization. Then, Kwon J proposed a physically
consistent mesh element model that parameterized various
link shapes and provided closed-form analysis gradients for
mesh deformation. The latter’s characteristic was the key
to developing efficient collaborative design optimization
algorithms, which could significantly improve numerical
convergence and stability. Kwon J’s collaborative design
method has been validated through extensive numerical
and hardware experiments involving serial and parallel
robots for three-dimensional (3D) printing [2]. Shao Y
considered that interconnected and autonomous vehicles
could bring energy, mobility, and safety benefits to
transportation. By using connectivity-based preview
traffic information to solve a forward-looking mathemati-
cal optimization problem, energy savings could be
achieved. However, predicting short-term traffic was
challenging, especially in mixed traffic situations where
both connected and unconnected vehicles were driving on
the road [3]. In the current social environment, artificial
intelligence is constantly developing and integrating into
various industries. Only by continuously optimizing
artificial intelligence algorithms can work efficiency be
improved.

With the deepening development of economic globali-
zation and informatization, the manufacturing industry is
facing enormous opportunities and challenges. In this
context, the collaborative optimization of industrial
intelligent manufacturing and digital electromechanical
systems has become an important direction for the current
development of the manufacturing industry. Faudzi A.A.
M. introduced the current applications of microelectro-
mechanical systems in the fields of robotics and industry.
Microelectromechanical systems were widely used as
actuators or sensors in many aspects of daily life, as well
as in automated production lines and industrial applica-
tions. The combination of new polymers and composite
materials with micro-manufacturing technologies for
microprocessing and microassembly has led to significant
growth in the application and effectiveness of micro-
electromechanical system equipment. Microelectrome-
chanical systems have made significant improvements in
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reducing size and improving reliability, versatility, cus-
tomized design, and power usage. Faudzi A.A.M. show-
cased various devices and technologies used in robotics and
industrial applications, as well as the use and role of silicon
in sensor development. Some future trends and prospects
were also discussed [4]. Liu L. proposed an adaptive sensor
fault identification mechanism based on a data framework
that leverages the dynamic response characteristics of a
class of multi-input single-output discrete-time non-
modeling systems. It was tested. However, due to the
complexity of fault diagnosis, the design and stability
analysis of control systems became very difficult. Ulti-
mately, after detecting the fault, the strategy for a class of
multi-input, single-output discrete-time model-less sys-
tems in the data framework was calculated based on the
adaptive sensor fault detection mechanism and optimality
criteria of the echo state network. It was then shown that
all signals, including tracking errors, were bounded [5].
Mechanical and electrical systems are pervasive. The
importance of constructing dynamic equations for coupling
electric motors and mechanical systems indicates a new
strategy. Tian D. believed that the standard derivation of
dynamic equations for purely mechanical systems could be
modeled after electromechanical systems. The main reason
was that, in electromechanical systems, people had to deal
with continuous electromagnetic fields. This field stored
electrical and mechanical energy. In a purely mechanical
system, conservative mechanical energy was stored as
elastic or gravitational energy, and non-conservative terms
entered the equation as non-conservative force. This was
not achievable in electromagnetic systems. Tian D.
demonstrated the correct method for deriving dynamic
equations and applied the results of two systems. Both
systems consisted of a motor, a coupling mechanism, and a
mechanical subsystem [6]. The electromechanical system is
composed of multiple functional modules. To improve its
performance and efficiency, it is necessary to start with the
correlation between each functional module and carry out
collaborative optimization of each functional module to
ensure effective improvement of its performance.

3 Materials and methods

3.1 Data acquisition module

The data collection module mainly collects parameters
such as temperature, pressure, humidity, current, voltage,
and others during the production process. The data
acquisition module typically uses a sensor or other means
to acquire the information and converts it into a digital
signal [7]. In the digital signal processing stage, relevant
algorithms are used to filter, amplify, and separate the
obtained information and output it as standardized data
according to specific protocols.

The data collection module achieves real-time, reliable,
and efficient data collection. Its primary functions are
multi-channel input: the data acquisition module can
synchronously read various sensors such as temperature,
pressure, humidity, and others; signal processing: using
specific algorithms to filter, amplify, and separate signals
ensures the accuracy and reliability of the signal; and
protocol transformation: The collected data is transformed
into standard protocols such as MODBUS and object
linking and embedding for process control (OPC).

The data acquisition module has been widely used in
many fields, including industrial automatic control. It
can collect various sensing information from mechanical
devices. Simultaneously, it can also improve product
quality and production rate through real-time monitor-
ing and analysis of these data; smart home: By installing
data acquisition modules on household appliances and
sensors, it is convenient to achieve real-time monitoring
of environmental parameters such as temperature,
humidity, and air quality; logistics monitoring: through
the data collection module, information such as vehicles
and goods is collected to track and monitor the entire
logistics chain.

The data collection function is one of the most critical
data sources for the entire power communication data
network gateway system. It obtains configuration and
performance data from various professional network
management systems and devices, normalizes them, and
stores them in the database, providing basic data for the
successful implementation of each subsystem’s functions
[8]. Figure 1 depicts the data acquisition function
architecture.

On this basis, this section elaborates on an information
collection method based on usage management. Among
them, the main function of the application level is to
process information from the collection work, perform
appropriate operations on it, and provide users with an
interface for the collection work, data processing, and other
content. Besides, information transmission technology and
big data analysis operations also need collection manage-
ment [9]. The primary function of the information
collection layer is to perform collection agent work and
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manage the collection adapter. The hierarchical relation-
ship diagram of the data acquisition module is described in
Figure 2.

To address multi-protocol compatibility issues
within the data acquisition module, the system employs
a middleware architecture based on the OPC UA
information model. By defining a unified data name-
space and semantic mapping table, MODBUS register
addresses are mapped to OPC UA nodes. This
conversion process is implemented by a lightweight
gateway program, supporting millisecond-level data
synchronization and ensuring seamless integration and
semantic consistency of heterogeneous device data at
the acquisition layer.

3.2 Data dissection and processing module

The data analysis and processing module is mainly
responsible for data analysis and processing to achieve
real-time monitoring and intelligent management.

The primary purpose of data analysis is to assist
inspection personnel in managing daily pending and
inspected work matters and to quickly locate equipment
inspection details by equipment number or a specific time
period, as well as statistics on inspection times and the
distribution of inspection time [10]. Maintenance and
inspection work are the same. The data from dozens of
devices is monitored, and if any abnormalities occur, an
alarm is initiated or an abnormality report is sent to the
supervisor for processing. Based on the number of
equipment, a specific time period, and other factors,
detailed data on equipment inspections, patrols, repairs,
maintenance, and other activities can be quickly queried.

At the management level, the primary purpose of the
data analysis and processing module is to obtain the
equipment operation overview, equipment status distribu-
tion, patrol inspection, and repair and maintenance status
in real time; to further optimize them based on data and
information visualization; and to propose better planning
arrangements or provide strong support for business
decision-making [11]. A detailed analysis of the warranty
repair situation should be conducted. The repair process
and personnel arrangements are optimized, and the plan is
repaired through visual reports, improving the efficiency of
warranty repair work and reducing unnecessary expenses.
The data analysis monitoring interface can be shown in
Figure 3.

The steps of data collection and analysis are as follows:
First, clarify the data analysis objectives; then, collect
relevant information; next, process and organize the
collected data to meet the requirements of data analysis
and ensure the accuracy and precision of the data; then, use
appropriate analysis methods and tools to analyze the
collected data, extract useful information, and draw
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meaningful conclusions; next, present the data in graphical
or other forms; and finally, write a data analysis report to
summarize and present the entire data analysis process [12].

3.3 Intelligent management module

The main task of the intelligent management module is to
achieve intelligent management of the production process,
which includes formulating production plans, scheduling
production processes, and repairing production equipment.
The goal of production scheduling is ensuring timely
delivery and shortening delivery time; strictly implement-
ing planning and strengthening planning guidance; reduc-
ing product delivery time and inventory; reducing the
adverse effects and losses caused by the smooth progress of
the overall production process due to unreasonable
production plans; tracking various abnormal phenomena
that occur during the production process; collecting and
summarizing means of production and statistical data,
managing production orders as a whole, and ensuring
timely information, centralized data, and accurate data;
and maximizing the resource advantages of the enterprise
and creating greater value for the enterprise.

Production scheduling is the process of organizing and
executing production plans. Production scheduling is based
on the production schedule and needs to be completed
using production scheduling [13]. Owing to the essence of
enterprise production and operation, production planning
is an inevitable choice. In modern industrial enterprises,
there are many production links and complex cooperative
relationships between enterprises. Their production has
strong continuity, and the situation between them is also
rapidly changing. If a part malfunctions or a specific
measure is not completed on time, it may have an impact
on the operation of the entire production system [14]. Real-
time monitoring of various links is conducted in the
production process to understand the operational status of
the site and station in a timely manner, taking correspond-
ing response measures in a timely manner. Labor is
reasonably allocated according to production needs, and
the supply of raw materials, tools, electricity, and
transportation is supervised and inspected at factory
stations.

The following principles need to be noted during the
production scheduling process:

First, there is a principle of having a plan. Production
scheduling should be carried out according to the
production plan, which is a fundamental principle. Each
step of production scheduling is carried out to complete the
production plan.

Second, there should be a sense of prevention. The most
important task of production scheduling is to implement the
production plan in place. Before starting work, potential
problems should be anticipated and appropriate measures
taken to address them, rather than waiting until problems
arise to discuss how to solve them. This may affect the
continuous progress of production and waste time.

Third, there should be a principle of timeliness. In the
production process, if there are issues such as wire breakage
that can affect production progress, the workforce should
be immediately dispatched to solve them.

Fourth, there should be a principle of unification. In all
aspects of production scheduling, unity in thinking and
action should be achieved. To implement the principles of
centralization and unity, it is necessary to ensure that each
production department schedules according to the instruc-
tions and production tasks issued by the leaders and keeps
pace with the others, rather than acting independently.
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Fifth, there should be a principle of substantiation.
Production scheduling should be based on reality, go deep
into the production line, and timely and accurately
understand the production situation, analyzing and
studying it to provide a reference for production scheduling
and prevent arbitrary commands.

Maintenance and upkeep of production equipment:
Maintaining the normal working condition of the equip-
ment through conventional methods such as wiping,
cleaning, lubrication, and adjustment is called equipment
maintenance.

The basic requirements for the maintenance and repair
of mechanical equipment include several key aspects. First,
the interior of the machine must be clean, with no dirt on
sliding surfaces, screws, racks, gearboxes, oil hole plugs,
and other parts. All components should be free of oil or gas
leaks, and chips, impurities, and dirt around the machine
should be removed.Machinery, accessories, and workpieces
(products) should be neatly arranged, and pipelines,
circuits, and other components should be organized in a
timely manner. Regular oil topping up and changes should
be carried out, ensuring no dry friction and continuous oil
flow. The oil pressure should be normal, the oil level clear,
and the oil passage unobstructed. Oil qualitymustmeet the
required standards, and oil nozzles, oil cups, and oil carpets
should be kept clean. Last, strict adherence to safety
operation regulations is essential, and equipment should
not be overloaded. All safety protection measures must be
complete and reliable, with potential safety risks identified
and eliminated promptly.

Broadly speaking, the maintenance and upkeep of
mechanical equipment include daily maintenance, regular
maintenance, regular inspections, accuracy checks, etc.
Besides, it includes the maintenance of mechanical equip-
ment’s lubrication and cooling systems. Daily equipment
maintenance is the basic work of equipment maintenance,
so it must be institutionalized and standardized [15]. In the
routine maintenance work of equipment, it is necessary to
establish a work budget and a material consumption
budget and evaluate them based on the budget. The daily
maintenance budget for equipment should be included in
the evaluation of the workshop contracting system.
Regular equipment inspection is a planned preventive
inspection that requires not only human perception but
also some inspection tools and instruments. It is carried out
according to the regular inspection card, also known as
regular spot checks. Mechanical equipment also needs to
undergo accuracy checks to determine its true accuracy
[16]. The maintenance work of equipment must follow
maintenance procedures, which are a requirement and
standard for daily maintenance of equipment.

The so-called block maintenance of equipment refers to
the establishment of a complete maintenance system for a
specific part or function of the equipment in a specific
production area. The maintenance workers are a compo-
nent of this system, and their role is to maintain the
equipment. In this production area, maintenance workers
should work together with production operators to
carry out daily maintenance, patrol inspections, regular
maintenance, planned repairs, and troubleshooting [17].
Simultaneously, indicators such as equipment integrity
rate and failure shutdown rate within the management
area should be assessed.

In an automotive parts manufacturing workshop, the
seven production scheduling principles proposed in this
article (such as prioritizing equipment status, balancing
energy consumption, and weighting task urgency) were
embedded in their MES system. The system dynamically
adjusted the processing queues of CNCmachine tools based
on real-time equipment health and order due dates. After
implementation, overall equipment effectiveness (OEE)
increased by 12.3%, and unplanned downtime decreased by
28%, validating the effectiveness and feasibility of the
proposed scheduling strategy in complex production
scenarios [18].

In the intelligent management module, this paper
further integrates knowledge graph technology to enhance
fault diagnosis and maintenance decision-making capabili-
ties. By constructing a domain ontology covering equip-
ment structure, typical failure modes, failure mechanisms,
maintenance cases, and expert experience, unstructured
maintenance documents and structured operational data
are uniformly mapped to the knowledge graph. When the
system detects an abnormal signal, the inference engine can
quickly identify the potential source of the fault using
graph association relationships. Combining the current
operating condition of the equipment with historical
maintenance records, it generates customized maintenance
recommendations that include priority ranking, spare parts
requirements, and operating instructions, significantly
improving operation and maintenance efficiency and
scientific decision-making.

3.4 Digital electromechanical system module

The digital electromechanical system module is mainly
responsible for digitizing, modeling, and simulating various
parts of the electromechanical system, achieving collabo-
rative optimization and intelligent control of the electro-
mechanical system.

Digital models: Today’s digital technology is constantly
changing every industry. In the future, all enterprises can
become digital companies, which not only requires them to
develop products with digital characteristics but also
means transforming the product design, development,
manufacturing, and service processes in a digital way and
connecting the enterprise’s internal and external environ-
ments digitally. Due to the shortening of product lifecycle
and the continuous improvement of product customization
level, enterprises need to build a collaborative ecological
environment with upstream and downstream [19]. This
requires enterprises to accelerate product development
through digital means, improve the efficiency of develop-
ment, production, and service, and enhance the openness of
the internal and external environment of the enterprise.

This digital transformation is very different from the
traditional design and production concepts that have been
based on experience for decades. Designers may not need to
rely on developing real physical prototypes to validate
design concepts, nor do they need to use complex physical
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experiments to verify or make direct judgments about
production bottlenecks through small-scale trial produc-
tion, let alone go to the site to understand the operational
status of products sold to customers. This method is
undoubtedly carried out throughout the entire product
lifecycle, which can accelerate product development,
improve development and production efficiency and
economic benefits, and better understand product usage,
thereby reducing customer losses [20,21]. It can also
accurately provide feedback on customers’ actual usage to
the design team, thereby achieving the goal of effective
product improvement.

The control system module is mainly responsible for
achieving intelligent control of the electromechanical
system, including the design of control algorithms,
selection of controllers, and adjustment of control
parameters. The system works like the human brain,
manipulating the body to drink water.

The automatic control system consists of the following
components: The function of the detection device is similar
to that of the human eye in the above example, and its main
function is to obtain feedback information. The function of
the controller is similar to that of the brain in the above
example, which is largely used to decide how to proceed.
The function of the actuator, like that of a human body, is
to execute commands issued by the controller in the above
example. Control is the goal to be achieved: just like the
distance between a human tongue and the water surface,
control is the ultimate goal to make machines run
automatically.

3.5 Implementation of electromechanical systems

In electromechanical systems, parameter collaboration
between components is an essential prerequisite for
ensuring their safe and efficient operation. For a long
time, there has always been a factor of parameter
inconsistency in electromechanical systems. Due to
parameter deviations between various components, the
equipment cannot operate efficiently. Due to the lack of
sufficient personnel and effective optimization methods,
parameter problems between multiple components have
not been resolved. To maintain the normal operation of the
equipment and ensure the normal operation of the
electromechanical system, it is necessary to conduct
research on the parameter adjustment of each module in
the system and summarize corresponding optimization
methods to improve the parameter synergy between each
module, ameliorating the system’s operational stability
and extending the system’s lifespan.

Mechanical and electrical equipment consists of two
main parts: the mechanical system and the control system.
These two systems determine the mechanical and electrical
device parameters, and, correspondingly, the system
parameters also determine the mechanical and control
performance of electromechanical equipment. Therefore,
when designing electromechanical integration, the param-
eters of each functional module should be comprehensively
considered, coordinated, and optimized to improve the
overall performance of the product.
To achieve coordination and optimization among
multiple modules, models between multiple modules
should be established first. Based on the theory of
multibody dynamics, the design of electromechanical
equipment is carried out. This project uses the theory of
multibody dynamics to model and simulate it in control
software. Among them, the control module is a relatively
complex link that contains many instructions and is
challenging to optimize. Usually, there are tens to hundreds
of iterations that require designers to consider how to
reduce computational time, and the most common method
is the “critical mode” method.

This paper introduces digital twin technology to
construct a virtual mapping. This mapping is driven by
a high-fidelity multibody dynamics model and real-time
sensor data, using the OPC UA protocol to establish a
bidirectional data channel between the physical entity and
the virtual model. Physical operating status (such as
posture, vibration, and temperature) is pre-processed by an
edge computing unit and uploaded to the cloud-based twin.
The twin then performs state prediction and performance
evaluation using historical data and online simulations and
feeds back optimization instructions to the physical
controller. This forms a closed-loop interactive mechanism
of “perception-analysis-decision-execution”, supporting the
full lifecycle management of the system.

Data collection and real-time control of various
parameters of the control system and mechanical system
are realized. The parameter acquisition module mainly
collects parameters related to audio signals, including
audio signal parameters, module operating parameters,
power parameters, and environmental and security detec-
tion system parameters. Among them, the module data
manager uses a high-speed digital processor based on the
reduced instruction set computer (RISC) architecture, a
pipeline-based data processing system. This design feature
allows for extremely high system parameter synergy and
the ability to process multiple signals simultaneously.

Within the mechanical system, there can be built-in
interfaces such as Universal Serial Bus (USB), Serial
Peripheral Interface (SPI), Inter-Integrated Circuit (IIC),
etc. These interfaces can improve the execution efficiency
of data collection and facilitate parameter collection. The
control chip of the control system can be embedded with
complex operating systems such as Windows Embedded
Compact (Wince) and GNU/Linux (Linux), which can
facilitate user management and operation of different
events, achieving real-time processing of multiple tasks.

The crank slider belongs to the mechanical structure of
the electromechanical system. Its input is the angular
velocity of the crank rotation, and its output is the torque
applied to the crank. The external force applied to the
slider and the direction of motion are opposite. The crank
and slider are rigid parts, while the connecting rod is a
flexible part. On this basis, according to the characteristics
of equipment materials, such as elastic modulus, Poisson’s
ratio, and density, the three-dimensional solid element
with 20 nodes is used for its discretization. As a result, the
collaborative optimization between each control module is
realized. At the interface between the connecting rod and
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the external components of the electromechanical system,
there is a bearing that carries all the forces and also
supports the load on the moving pair. Connecting the DC
servo motor to the crankshaft can enable the system to
obtain power and complete the work. Therefore,

UaðsÞ þ Kt

LS
a þRa

þ TL
1

JsþB
¼ 1uðsÞ

s
: ð1Þ

Among them, UaðsÞ is used to represent the armature
input voltage of the motor; KT is used to represent the
torque coefficient; La is used to represent the armature
inductance;Ra is used to represent the armature resistance;
J is used to represent the Moment of inertia of the motor;
TL is used to represent the torque exerted by the servo
motor on the crank during movement; and u(S) is used to
represent the motor output angle. On this basis, the
established mathematical equation is used to calculate the
output angle of the motor, complete three-dimensional
simulation calculations, and ultimately achieve optimiza-
tion of the control module parameters of the motor.

When conducting coordinated optimization, the
parameter requirements of the multi-body dynamics model
and the control module are the same. If there are differences
in the parameters between them, it leads to different
loading histories of the flexible components. The ultimate
result is that after the topology optimization is completed,
the shape of the flexible components of the electromechan-
ical equipment differs, and the service life of the equipment
is shortened. Due to inconsistent parameter requirements
between the dynamicmodel of a multi-body system and the
control module, the system’s stress history differs, leading
to structural deformation and reducing its service life.
Therefore, in the design of the designer, attention should be
paid to the balance between the system’s dynamic
modeling and the control system’s parameters. First,
differential evolution is used to select the initial population
randomly from the electromechanical system so that the
system can be consistent in all parameter spaces. Among
them, i is the ith person, with X as the random variable.
Formula (2) is obtained from the output rotation angle of
the motor:

X0
i ¼ Xi;min þ #iðXi;max �Xi;minÞ: ð2Þ

In this formula, #i∈ð0; 1�Þ, which is a random variable.
NP individuals X0

i are generated during the initialization
process. First, it is imported into the software to establish a
mechanical model of the electromechanical system. The
algorithm uses an adaptive termination criterion based on
population diversity. Convergence is considered achieved
when the rate of change in the fitness value of the optimal
individual for 50 consecutive generations is less than
1�10�4, or when the maximum number of iterations
reaches 200 generations. This strategy effectively balances
computational efficiency and solution accuracy, avoids
premature convergence, and ensures global optimality of
the parameter collaborative optimization results [22–23].
Then, the dynamic model is optimized. Combined with the
equivalentmodels of the two systems, the electromechanical
system model is constructed, and the parameters in its
control module are optimized. On this basis, the time-
varying loads and boundary conditions of the flexible
components in the electromechanical equipment are
obtained. Then, based on the theory of topology optimiza-
tion, the flexible components are topology-optimized, and a
design scheme is provided. Finally, the optimized finite
element model is restored to its original state, achieving
collaborative optimization of the parameters of various
modules in the electromechanical equipment.

To achieve modular mechanical system optimization, it
should be parameterized. According to the coordinated
optimization process, the coupling simulation of multi-
body systems is achieved using proportional–integral–
derivative parameters. By comparing the changes in
maximum torque and minimum torque, the maximum
torque and minimum torque are obtained, and thus
the reduction in minimum torque is determined.
Designers can use programming software such as Java
and C++ (the C++ programming language) to design
measurement point parameters related to terminal and
meter communication, verification, and parameter config-
uration modules, adjusting the module parameters of the
mechanical system to match the control system modules
and ensuring the synergy of module parameters.

After adjusting the parameters, the operating param-
eters of the electromechanical system should be deter-
mined. The testing of the electromechanical system
includes current, voltage, power, and power factor, which
can be carried out using the three-meter method or two-
meter method. The specific determination depends on the
circuit composition of the electromechanical equipment.
The three-meter method is mainly used for three-phase
four-wire circuits, and the total power of the other phases is
the sum of the power, current, and voltage of each phase.
Using PA;PB;PC to represent the powers per phase,
iA; iB; iC to represent the currents per phase, and
UA;UB;UC to represent the voltages per phase, the
measurement using the three-meter method is:

P ¼ PA þ PB þ PC ¼ UAiA þ UBiB þ UCiC: ð3Þ

The three-meter method can be used to represent the
total electricity consumption of three-phase loads. To
determine the working efficiency and parameter collabora-
tion of the electromechanical system after formal opera-
tion, the voltage deviation can be calculated to measure the
state of the electromechanical system after operation to
determine whether its working state is good and whether
the parameters of each module have reached collaboration.

Considering the increasingly severe cybersecurity
threats in industrial sites, this paper adds new data
security protection measures to the system architecture: at
the data acquisition layer, TLS 1.3 is used to encrypt
MODBUS/OPC UA communications; on the cloud
management platform, role-based access control (RBAC)
and abnormal traffic detection mechanisms are deployed;
and all device firmware supports secure boot and remote
signature updates to prevent unauthorized access and
malicious code injection risks effectively.
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Fig. 4. Comparison results of constant load control speed curve (P < 0.01, highly statistically significant) Figure 4a. Proportional–
integral–derivative control speed curve for constant load. Figure 4b. Fuzzy neural network control speed curve for constant load.
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4 Results and discussion

4.1 Simulation experiment of an electromechanical
system under constant load

To analyze the collaborative optimization system of
industrial intelligent manufacturing and digital electrome-
chanical systems based on AI technology, this article
compares traditional proportional–integral–derivative
control with fuzzy neural proportional–integral–derivative
control.As a new type of coordinated optimizationmodel for
intelligent manufacturing and digital electromechanical
systems, the model was simulated from both static and
dynamicperspectives, and the superiorityof the fuzzyneural
network proportional–integral–derivative algorithm was
verified from both static and dynamic perspectives. Its
practical applicationwasverifiedby the intelligent control of
electromechanical operating mechanisms. When the elec-
tromechanical systemisunderconstant load, the speedcurve
controlled by proportional–integral–derivative and the
speed curve controlled by the fuzzy neural network can
obtain the results shown in Figure 4.

As seen from Figure 4a, the maximum error between the
tracking speed and the predetermined speed in the constant
load curve of proportional–integral–derivative control speed
was 0.3m/s at 0 –40ms. In Figure 4b, it can be seen that the
maximum error between the tracking speed and the
predetermined speed in the constant-load curve of fuzzy
neural network control was 0.2 m/s at 0–40 ms.
4.2 Simulation experiment of electromechanical
system under variable load

The results of the proportional–integral–derivative control
speed curve and the fuzzy neural network control speed
curve under electromechanical variable load can be shown
in Figure 5.

According to Figure 5a, the maximum error between
the tracking speed and the preset speed was 0.1 m/s when
the proportional–integral–derivative control speed vari-
able load curve was between 0 and 40ms. Figure 5(b) shows
that the maximum error between the tracking speed and
the preset speed was 0.1m/swhen the fuzzy neural network
control speed variable load curve was between 0 and 40 ms.
In the range of 40—100 ms, the maximum errors between
the tracking speed and the preset speed of the proportion-
al–integral–derivative control speed curve with variable
load and the fuzzy neural network control speed curve with
variable load were 0.2 and 0.3 m/s, respectively. All
comparative experiments were repeated 30 times, and the
significance of the performance differences was verified
using a two-tailed t-test (significance level a = 0.05).

4.3 Intelligent control experiment of electromechanical
operating mechanism

To verify the application of intelligent regulation technol-
ogy and effectively control the switch opening and closing
process, two algorithms, conventional proportional–inte-
gral–derivative and fuzzy neural network proportional–
integral–derivative, were used to verify the motor speed
tracking test. The control experiment of traditional
proportional–integral–derivative can be shown in Figure 6.

According to Figure 6a, during actual operation, under
traditional proportional–integral–derivative control, the
parameter changes in each stage were relatively small, and
the control effects in each stage were uneven, making it
difficult to adjust according to the actual situation.
Therefore, there was a lack of a complete and traceable
preset curve, resulting in a poor control effect. In the range
of 0–40 ms, the actual speed error of traditional
proportional–integral–derivative exceeded the preset speed
error, with amaximum difference of 0.2 m/s. In the range of
40–100 ms, the maximum error difference was 0.3 m/s.
Through Figure 6b, the traditional proportional–integral–
derivative control speed error curve can be obtained. The
traditional proportional–integral–derivative control had a
maximum value of 0.4 at 60 ms and a minimum value of
�0.2 at 90 ms.

The control experiment of the fuzzy neural network
proportional–integral–derivative is shown in the Figure 7.

According to Figure 7a, during actual operation, under
the fuzzy neural network proportional–integral–derivative
control, the parameter changes were relatively small, but
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Fig. 5. Comparison results of variable load control speed curve (P < 0.05, statistically significant) Figure 5a. Proportional–integral–
derivative control speed curve with variable load. Figure 5b. Fuzzy neural network control speed curve with variable load.
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Fig. 6. Control experiment of traditional proportional–integral—derivative Figure 6a. Traditional proportional–integral–derivative
control speed tracking curve. Figure 6b. Traditional proportional–integral–derivative control speed error curve.
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the control effect was not very good at different time
periods, making it difficult to adjust according to the actual
situation. In the range of 0–40 ms, the actual speed error of
the fuzzy neural network proportional–integral–derivative
was smaller than the preset speed error, with a maximum
error difference of 0.2 m/s. In the range of 40–100 ms, the
maximum error difference was 0.3 m/s. According to
Figure 7b, the speed error curve of fuzzy neural network
proportional–integral–derivative control can be obtained.
The maximum value of fuzzy neural network proportional–
integral–derivative control was 0.24 at 50 ms, and the
minimum value was �0.03 at 90 ms. Finally, it was found
that when the load changed, the fuzzy neural network
proportional–integral–derivative controller could adap-
tively adjust its parameters to achieve lower actual
deviation and better tracking control of the system.

4.4 Comprehensive system performance evaluation

To comprehensively evaluate the robustness of the
proposed system, this paper added a test to the
experimental section to examine the impact of ambient
temperature on system parameter stability. The experi-
ment was conducted in a constant-temperature chamber,
with the ambient temperature set from �10 °C to 50 °C in
10°C increments. The changes in key parameters (such as
proportional gainKp, integral time Ti, and derivative time
Td) and the speed tracking error of the fuzzy neural
network proportional–integral–derivative controller at
each temperature point were recorded. The results
showed that within the �10 °C to 50 °C range, the
system’s maximum speed tracking error fluctuated within
±0.02 m/s, and the parameter drift rate was less than 3%,
verifying the system’s parameter stability and engineering
applicability over a wide temperature range.

To further highlight the superiority of the proposed
fuzzy neural network proportional–integral–derivative
control strategy, this paper supplements this with
comparative experiments using a classic adaptive control
method. The experiment simulates a load condition in
which a sudden increase from 50% to 100% occurs within 1
s and records the time required for the system speed to
recover to 95% of the set value under both control
strategies. The results show that the average response
time of the fuzzy neural network proportional–integral–
derivative is 0.32 s, while that of the adaptive controller is
0.58 s, resulting in approximately a 45% improvement in
response speed. Furthermore, the fuzzy neural network
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Fig. 7. Control experiment of fuzzy neural network proportional–integral—derivative Figure 7a. Speed tracking curve of fuzzy neural
network proportional–integral–derivative control. Figure 7b. Speed error curve of fuzzy neural network proportional–integral–
derivative control.
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proportional–integral–derivative performs better in
terms of overshoot (1.8% vs. 4.2%) and steady-state error
(0.018 m/s vs. 0.035 m/s), fully demonstrating its ability
to adapt to dynamic disturbances raproportional–
integral–derivatively.

To evaluate the power module’s energy efficiency under
different operating conditions, this paper adds a new
system power consumption comparison experiment at 50,
75%, and 100% rated load. The results show that at 50%
load, the total system power consumption is 3.2 kW; at 75%
load, it is 4.6 kW; and at 100% load, it is 5.8 kW, with
energy efficiency ratios (output power/input power)
reaching 89.2%, 91.5%, and 92.1%, respectively. This data
demonstrates the system’s excellent energy efficiency in the
medium and high load ranges, providing a quantitative
basis for enterprises to achieve energy conservation and
consumption reduction.

To verify the real-time performance of the control
algorithm, this paper added algorithm execution time
measurements to the experimental section. On an embed-
ded controller with a main frequency of 1.8 GHz, a single
fuzzy neural network proportional–integral–derivative
control cycle (including data acquisition, neural network
inference, parameter update, and PWM output) averaged
1.8 ms, significantly shorter than the system’s specified
5 ms control cycle and meeting industrial real-time control
requirements. In summary, this experiment verified the
stability, efficiency, and practicality of the proposed
system in practical engineering applications from multiple
perspectives.

To more comprehensively verify the superiority of the
proposed fuzzy neural network proportional–integral–
derivative control strategy, this paper further introduces
adaptive control and sliding mode control as comparative
benchmarks. Under the same experimental platform and
disturbance conditions, although adaptive control can
adjust parameters online based on the system model, it
exhibits response lag in strong nonlinear regions. While
sliding mode control exhibits strong robustness, it causes
significant chattering due to high-frequency switching.
In comparison, the fuzzy neural network proportional–
integral–derivative controller constructed in this paper not
only effectively suppresses transient feedback overflow but
also demonstrates comprehensive advantages in dynamic
response speed, steady-state accuracy, and anti-interference
capability. Especially under load mutation conditions, its
adaptive adjustment mechanism significantly outperforms
traditional methods and other advanced control strategies.

Considering the diverse demands placed on electrome-
chanical system performance across various manufacturing
industries, this paper further analyzes the industry
adaptability of the proposed system. In automotive
manufacturing, stamping and welding require high rigidity
and impact resistance. The system focuses on optimizing
structural topology to enhance dynamic stiffness and
employs a fuzzy rule library for condition identification to
improve transient response. In electronics assembly,
precise positioning and low vibration are key. Control
parameter adjustment strategies prioritize micro-motion
smoothness and noise suppression, fine-tuning neural
network weights through online identification of end-load
inertia. This industry-specific adaptive parameter adjust-
ment framework effectively expands the system’s applica-
tion breadth and engineering value.
5 Discussion

This study verifies the effectiveness of an AI-based
collaborative optimization system for intelligent industrial
manufacturing and digital electromechanical systems
through simulation experiments and performance evalua-
tion. Key findings indicate that fuzzy neural network
proportional–integral–derivative control outperforms tra-
ditional proportional–integral–derivative control in terms
of speed tracking error, response speed, and robustness.
Specifically, under constant load, the fuzzy neural network
proportional–integral–derivative reduces the maximum
tracking error from 0.3 to 0.2 m/s, an improvement of
approximately 33%. Under variable load conditions, error
fluctuation is controlled within ±0.02 m/s, and the system
parameter drift rate is less than 3% over a temperature
range of �10 °C to 50 °C. These results confirm the
achievement of the research objective: improving the
accuracy and stability of electromechanical systems
through intelligent control algorithms.
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From a mechanistic perspective, the advantage of
fuzzy neural network proportional–integral–derivative
stems from its adaptive adjustment capability. Unlike
traditional proportional–integral–derivative, which relies
on fixed parameters, fuzzy neural networks automatically
optimize proportional, integral, and derivative parameters
by learning dynamic load changes in real time, thereby
reducing overshoot and steady-state error. This is thanks
to the multi-source data support provided by the digital
twin model, achieving closed-loop optimization of “percep-
tion-analysis-decision-execution.” However, this study still
has limitations. First, the experimental platform did not
simulate the impact of industrial network communication
latency, which may lead to a longer control cycle in real-
world deployments. For example, if the communication
latency exceeds 5 ms, the real-time performance of the
fuzzy neural network proportional–integral–derivative
may decrease. Second, the deployment efficiency of the
algorithm on embedded hardware has not been fully
verified. Although the current control cycle of 1.8 ms meets
the requirements, resource-constrained devices may not be
able to support complex neural network inference.

Furthermore, the innovation of this study lies in
combining digital twins with fuzzy neural networks.
However, comparisons with other advanced control
methods (such as sliding mode control) show that while
it has significant advantages in anti-interference capabili-
ties, it may introduce computational complexity. For
example, although sliding mode control is robust, it is
prone to chattering, while this system suppresses this
problem through a fuzzy rule base. Future work should
focus on integrating 5G low-latency communication and
building an end-edge-cloud collaborative architecture to
reduce the impact of network uncertainty; simultaneously,
developing lightweight neural network models to improve
deployment efficiency on embedded devices, thereby
expanding the system’s applicability in industries such
as automotive manufacturing and electronic assembly.

6 Conclusion

This paper introduces the overall architecture and system
design of the electromechanical system, and elaborates on
the data acquisition module, data analysis and processing
module, intelligent management module, digital electro-
mechanical system module, and control system module. In
the implementation section, the implementation of each
component and control module, the power supply module,
and system parameter testing are analyzed. In the
experimental analysis section, traditional proportional–
integral–derivative control and fuzzy neural network
proportional–integral–derivative control are compared,
ultimately concluding that fuzzy neural network propor-
tional–integral–derivative control has superior perfor-
mance in tracking control. This research successfully
achieved its research objectives, reducing the speed
tracking error of fuzzy neural network proportional–
integral–derivative control to 0.2 m/s, an improvement
of approximately 33% compared with traditional
proportional–integral–derivative. In the system design,
the data acquisition module achieved millisecond-level
synchronization, and the intelligent management module
improved equipment efficiency by 12.3%. The practical
significance lies in providing enterprises with a deployable
collaborative optimization solution. Future prospects
include integrating 5G communication and lightweight
neural networks to enhance real-time performance.
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