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Abstract. Unplanned downtime and unexpected failures of industrial robots pose significant challenges to 
automated production lines. To improve system reliability and maintenance efficiency, this study proposes a 
predictive maintenance framework based on digital twins, integrating real-time monitoring, data-driven anal-
ysis, and intelligent fault prediction. This framework combines multi-sensor data acquisition, virtual-physical 
synchronization, and machine learning models for robot health assessment and degradation trend analysis. 
By constructing a digital twin model, the kinematics and operational behavior of the physical robot can be 
dynamically reflected, enabling continuous status tracking and early fault identification. The proposed method 
has been implemented and validated on an automated production line, demonstrating its ability to improve 
maintenance planning, reduce unplanned downtime, and support the transition to intelligent and sustainable 
manufacturing.
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automated production line

1   Introduction

Industrial robots play a crucial role in smart manufacturing by enabling high-precision operations, consistent 
product quality, and continuous production efficiency [1]. However, as production systems become increasingly 
complex and automated, the reliability and stability of industrial robots have become critical factors affecting 
productivity. Unexpected failures or unplanned downtime can lead to serious production interruptions, economic 
losses, and maintenance inefficiencies [2]. Traditional preventive maintenance strategies, which rely on fixed 
schedules or threshold-based monitoring, often fail to capture the dynamic and nonlinear degradation patterns 
of robotic components, resulting in either premature maintenance or undetected faults [3]. To address these 
challenges, predictive maintenance (PdM) supported by digital twin (DT) technology has emerged as a promising 
approach [4]. A digital twin establishes a real-time virtual representation of a physical system, integrating sensor 
data, simulation models, and analytic to predict equipment health and optimize maintenance decisions [5]. 
Despite significant progress, most existing studies focus on individual component monitoring or simulation-based 
validation, lacking real-time data synchronization and generalization across different robot types or working 
conditions. In this study, a digital-twin-based predictive maintenance framework is developed and validated for 
industrial robots operating within automated production lines. The proposed approach aims to achieve real-time 
health monitoring, early fault prediction, and intelligent maintenance scheduling. The main contributions of this 
work are as follows: (1) a hybrid digital twin framework integrating physical–virtual synchronization with AI-
based prediction models; (2) implementation and validation in an actual automated production environment; 
and (3) comparative analysis of prediction performance and system efficiency against conventional maintenance 
strategies. Section I proposes a predictive maintenance framework for industrial robots based on digital twins, 
integrating machine learning models to enhance real-time monitoring, early fault detection, and maintenance 
planning. section II leverages digital twin technology to overcome the limitations of traditional maintenance 
methods, improving fault diagnosis, operational efficiency, and system reliability of industrial robots. Section III 
employs a four-layer architecture combining sensor data, digital twin models, and machine learning techniques 
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to monitor robot health and predict faults, thereby enabling proactive maintenance decisions. Section IV 
describes an automated production line system applied to a production line containing six ABB IRB 1600 robots, 
demonstrating its ability to reduce unplanned downtime, optimize maintenance planning, and extend robot life. 
Section V shows that an LSTM-GA model optimized using a genetic algorithm outperforms traditional models, 
providing more accurate degradation predictions and adapting to dynamic operating conditions, thus improving 
maintenance planning. Section VI demonstrates that the predictive maintenance framework based on digital 
twins can effectively improve the efficiency and reliability of industrial robots, providing a comprehensive 
solution for reducing downtime and costs, and has the potential for future research in multi-robot systems and 
enhanced predictive capabilities.

2   Related Work

Since digital twin technology has the potential to improve the efficiency and reliability of automated production 
lines, its integration into predictive maintenance of industrial robots has become a recent research hotspot. 
Digital twin technology provides a virtual copy of the physical system, enabling real-time monitoring, 
performance analysis and predictive decision-making, which is crucial for maintaining robot systems in dynamic 
manufacturing environments. Xu et al. [6] proposed a fault diagnosis method combining digital twin and deep 
transfer learning to improve predictive maintenance. They used an automotive body side panel production 
line as an example to demonstrate how this integrated method can detect faults early in the development and 
maintenance phases. Deep transfer learning models are particularly important because they can facilitate 
knowledge transfer in different operating environments, thereby more accurately and efficiently detecting faults 
in robot systems. This method emphasizes the role of digital twins in predictive maintenance, enabling early 
detection of potential faults, thereby significantly reducing downtime and improving system reliability. Based 
on architectural innovation, Touhid et al. [7] proposed a predictive maintenance method based on digital twins, 
which can more effectively utilize digital twin technology to achieve early detection of robot system faults. 
This paper proposes a cloud-based industrial robot digital twin framework that integrates virtual robot models 
into a comprehensive health monitoring and control system. By connecting the virtual model of the robot to a 
cloud platform, the framework enables real-time monitoring and maintenance management. The solution was 
validated in a case study involving SCARA robots in a production workshop. The use of a distributed cloud 
platform is crucial for enabling real-time monitoring, which is a core component of predictive maintenance 
in modern automated systems. This cloud-based approach also emphasizes the scalability and flexibility of 
digital twin models, enabling them to operate across different machines and industries. Kousi et al. [8] further 
extended digital twin technology by developing a modular digital twin framework that can manage and control 
various types of manufacturing systems, including robots, regardless of machine type or brand. The framework 
is designed for online connectivity and features self-learning capabilities, enabling continuous performance 
evaluation and predictive maintenance. The self-learning capability is particularly important because it allows 
the system to adapt to new data and continuously improve its predictive capabilities over time. This modularity 
and adaptability ensure that digital twin technology can be applied to a variety of robots, making it a versatile 
tool for predictive maintenance in different industrial environments. Kuts et al. [9] took a pragmatic approach 
by experimentally comparing digital twin-based virtual reality (VR) interface operation with traditional control 
methods. Their research highlights the practical advantages of digital twin technology in robot operation 
and maintenance, especially in virtual operation. By integrating VR technology, operators can interact with 
virtual models of the robot, making it easier to identify faults and simulate maintenance scenarios without 
directly affecting the physical system. This integration improves the overall efficiency and effectiveness of 
predictive maintenance because it allows operators to visualize potential problems and plan interventions 
in advance. Werner et al. [10] further improved the performance of digital twin technology in predictive 
maintenance by introducing other methods to enhance digital twin technology and proposed an enhanced process 
monitoring approach. By integrating more advanced modeling techniques, their approach aims to gain a more 
comprehensive and accurate understanding of the robot’s health status. Enhancing process monitoring with 
digital twin technology not only helps in fault detection but also optimizes performance, thereby supporting 
proactive maintenance decisions. This approach aligns with the overall goal of reducing downtime and extending 
the lifespan of robot systems. In addition to improving fault detection, combining physics-based models with 
degradation curves provides a promising approach for predictive maintenance. Gupta et al. [11] proposed 
a framework that combines these models to predict potential faults over the next 18 months. By leveraging 
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physics-based digital twins, their framework can predict robot degradation and proactively schedule maintenance 
to ensure the robot system is addressed before catastrophic failures occur. This framework highlights the value 
of integrating physics-based models to better predict the long-term behavior of industrial robots, thereby making 
predictive maintenance more reliable and efficient. Mojumder [12] studied cognitive digital twin technology 
using steel pipe manufacturing as an example, exploring its broader impact on the sustainability and performance 
of the manufacturing industry. 

3   Methodology

This paper proposes a predictive maintenance framework for industrial robots based on digital twins and ma-
chine learning models. The framework employs a four-layer architecture, including a physical layer, a data layer, 
a model layer, and an application layer. The system integrates real-time data from various sensors to continuous-
ly monitor and evaluate the robot’s status. The data undergoes preprocessing such as denoising, normalization, 
and feature extraction to prepare for building a digital twin model. This model, based on a combination of kine-
matic and dynamic models, reflects the robot’s behavior and is synchronized in real-time with the physical robot 
via OPC UA or MQTT protocols. The system utilizes machine learning techniques such as LSTM and genetic 
algorithms to predict the robot’s health indicators and potential faults, thereby enabling early fault detection and 
optimized maintenance decisions. The system’s continuous feedback loop helps maintain synchronization be-
tween the physical and virtual models, providing adaptive learning and predictive capabilities, thus improving 
reliability and reducing downtime. This framework provides a comprehensive solution for real-time predictive 
maintenance of automated manufacturing systems, ensuring the stability and efficiency of system operation.

3.1   Overall Architecture

As shown in Fig. 1, the proposed predictive maintenance system based on digital twins adopts a four-layer 
framework design, including a physical layer, a data layer, a model layer, and an application layer. The system 
aims to establish a bidirectional mapping between the physical robot and its virtual counterpart, thereby enabling 
real-time monitoring, state estimation, and predictive maintenance decisions [13]. 

Fig. 1. A predictive maintenance framework for industrial robots based on digital twin and machine learning models

At the physical layer, multiple sensors are deployed on the industrial robot to collect vibration, current, and 
temperature data [14]. These raw signals represent the robot’s dynamics and operating state, specifically as fol-
lows:
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Where v(t), i(t), T(t) denote the vibration velocity, motor current, and joint temperature at time t, respectively. 
The acquired data are sampled at frequency f and digitized into discrete sequences:
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The Data Layer performs preprocessing, noise filtering, and feature extraction [15]. The filtered signal kS  is 
obtained through a Butter-worth low-pass filter:
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Where ωc is the cutoff frequency. Feature extraction converts time-domain signals into health indicators Fj:
 

}, ,{ , ,jF RMSµ σ κ γ= (4)

Where μ is the mean, σ the standard deviation, RMS the root-mean-square, κ  the kurtosis, and γ the skewness 
of the signal. The Model Layer represents the digital twin’s core, which reconstructs the robot’s dynamic behav-
ior using kinematic and dynamic models [16]. The robot’s kinematic equation is formulated as:

( )X J q q=  (5)

Where X  denotes the end-effector position, J(q) is the Jacobian matrix, and q  is the vector of joint velocities. 
The corresponding dynamic model is expressed by:

( ) ( ) ), (M q q C q q q G qτ = + +   (6)

Where τ represents joint torque, M(q) the inertia matrix, ,( )C q q  the Coriolis and centrifugal term, and G(q) 
the gravity vector. The Digital Twin Synchronization Module continuously updates the virtual model based on 
real-time sensory feedback [17]. The state update equation is given by:

1ˆ̂̂ ( )t t t t tx Ax Bu K y Cx− = + + − (7)

Where x^ t−1 is the estimated state, ut the control input, yt the measured output, and K the Kalman gain matrix. 
The synchronization accuracy is evaluated by the residual error:

2ˆ ||| |t t te y Cx= − (8)

A small et indicates high fidelity between physical and virtual models. Communication between the physical 
and virtual environments is achieved via an OPC UA or MQTT protocol, ensuring low-latency data exchange. 
The communication delay is modeled as: Communication between the physical and virtual environments is 
achieved via an OPC UA or MQTT protocol, ensuring low-latency data exchange. The communication delay is 
modeled as:

d s q pT T T T= + + (9)
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Where Ts is sensing delay, Tq queue delay, and Tp packet transmission delay. To maintain synchronization sta-
bility, a compensation control is applied:

ˆ( )t t c t tu u K x x′ = + − (10)

Where Kc is the compensation gain matrix. The Health Evaluation Module quantifies the robot’s degradation 
using a health index Ht :
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Where Dt is the instantaneous degradation feature, and Dmin, Dmax are reference limits. The degradation trend 
can be approximated by an exponential model:

0
t
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Where D0 is the initial degradation and λ the degradation rate constant. The Remaining Useful Life (RUL) is 
estimated when Ht falls below a failure threshold:
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Where Dcr denotes the critical degradation level. For predictive analytics, the model layer applies a temporal 
state-space prediction:

1
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Where f denotes the learned mapping function parameterized by θ. The training objective minimizes predic-
tion error:
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To ensure model robustness, a regularization term is added:

2
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The Application Layer translates predictive results into maintenance decisions [18]. A decision rule for trig-
gering maintenance alerts is defined as:
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Finally, maintenance priority is determined by a risk index combining degradation rate and production impact:

t tR Pαλ β= + (18)

Where Pt denotes production loss probability, and α β are weighting factors determined by operational priori-
ties.
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3.2   Data Acquisition and Processing

Accurate and reliable data acquisition is fundamental to the predictive maintenance of digital twin systems. 
The framework proposed in this paper deploys a multi-sensor network on an industrial robot to acquire key 
operating parameters such as vibration, motor current, acoustic emission, and joint temperature. Each sensor 
node is connected via an industrial communication bus to ensure synchronous sampling and minimal latency. 
The acquired signals are transmitted to an edge gateway, which performs initial preprocessing before forwarding 
the data to the digital twin server [19]. The data preprocessing flow comprises four main stages: denoising, 
normalization, segmentation, and feature extraction. Denoising employs a Butter worth filter combined with 
wavelet thresholding to eliminate high-frequency interference [20]. Normalization is used to re-scale the signal 
to a fixed range [0,1] to ensure a consistent input distribution for the predictive model. Segmentation divides 
the continuous signal stream into partially overlapping sliding windows to maintain temporal continuity. 
Within each window, multiple time-domain and frequency-domain features are extracted, including root mean 
square (RMS) [21], kurtosis, skewness, and spectral energy. To better characterize the degradation process, the 
extracted features are further transformed using Principal Component Analysis (PCA) or t-distributed random 
neighborhood embedding (t-SNE) [22] to reduce noise and redundancy while retaining key information related 
to mechanical wear and joint vibration modes. The generated feature vectors are stored in a time-series database 
at the data layer, serving as synchronous input for digital twin model updates and predictive analytics. All 
data exchanges adhere to the OPC UA standard to ensure interoperability and security between heterogeneous 
industrial systems. To formalize the feature extraction process, the time-domain RMS feature is computed as:
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Kurtosis, reflecting impulsive degradation characteristics, is defined as:
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3.3   Digital Twin Model Construction

The digital twin model is the core of the predictive maintenance framework, creating a high-fidelity virtual 
representation of the industrial robot in Table 1 [23]. 

Table 1. Digital twin model for predictive maintenance phases and components

Phase Key components Description

Model Initialization

Geometric and Kinematic 
Model

Based on robot’s CAD structure and manufacturer 
specifications.

Dynamic Parameters Determined through experimental calibration and manufacturer 
data sheets.

Physics-Based Simulation 
Environment

Establishes a virtual environment for robot motion visualization 
and simulation.

State 
Synchronization

Real-time Sensor Data 
Mapping 

Connects physical robot to digital twin using protocols like 
OPC UA or MQTT.

State Observer Corrects model drift to ensure high accuracy between virtual 
and physical robot states.

Behavior Evolution

Machine Learning 
Models 

Captures nonlinear degradation patterns and updates robot 
health metrics based on historical sensor data and real-time 
state variables.

Hybrid Model 
Combines physics-based modeling with machine learning 
to predict potential failures and simulate future degradation 
scenarios.

Outcome

Continuous 
Synchronization and 
Autonomous Fault 
Prediction

Digital twin model dynamically updates and predicts robot’s 
health, enabling real-time predictive maintenance and 
autonomous fault detection.
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This model integrates mechanical, electrical, and control subsystems to reproduce the robot’s behavior in 
a real-world environment. The construction process comprises three key phases: model initialization, state 
synchronization, and behavior evolution. In the initialization phase, a geometric and kinematic model is 
constructed based on the robot’s CAD structure and manufacturer specifications. Dynamic parameters such as 
link mass, inertia, and friction coefficient are determined through a combination of experimental calibration and 
manufacturer data sheets. A physics-based simulation environment is established for visualizing and simulating 
robot motion. The state synchronization phase connects the physical robot to its digital twin in real time. Sensor 
data acquired from the physical layer is continuously mapped to the virtual environment using OPC UA or 
MQTT protocols. A state observer based on Kalman filters or adaptive estimation algorithms corrects model drift, 
ensuring a high degree of match between the virtual robot’s state and the physical robot’s state. This bidirectional 
communication enables the digital twin to reflect the current physical state and provide predictive feedback to 
the control system. The behavior evolution phase introduces data-driven intelligence into the digital twin model. 
Machine learning models are embedded in the digital twin model to capture complex nonlinear degradation 
patterns that cannot be described purely by physical equations. These hybrid models combine historical sensor 
data and real-time state variables to dynamically update the robot’s health metrics and predict potential failures. 
Through continuous synchronization, the digital twin model not only reflects the current operating state but 
also simulates potential future degradation scenarios under different loads and environmental conditions. The 
resulting digital twin model acts like a living replica of the industrial robot, capable of self-updating, adaptive 
learning, and autonomous fault prediction. This fusion of physical modeling and data-driven analysis lays the 
technological foundation for real-time predictive maintenance in automated production environments.

3.4   Predictive Model

The predictive model is the core of the predictive maintenance framework based on digital twins [24]. Its main 
purpose is to identify potential faults and predict the remaining service life of industrial robot components in 
real time. Based on dynamic operational data collected from the physical layer, a hybrid approach combining 
Long Short-Term Memory (LSTM) [25] neural networks and Genetic Algorithm (GA) optimization strategies is 
employed to capture time dependencies and adaptively adjust model parameters. LSTM networks were chosen 
because they can effectively model sequential sensor data such as vibration, temperature, and motor current, 
thereby effectively capturing long-term dependencies and nonlinear degradation patterns. GA [26] is used to 
optimize hyper parameters such as learning rate, number of hidden units, and dropout probability to ensure 
high prediction accuracy and computational efficiency. During operation, the predictive model continuously 
receives real-time data streams from the digital twin environment. The model outputs a predicted degradation 
index or health score, which reflects the robot’s current state and evolution trend. When abnormal deviations 
or accelerated degradation are detected, the system automatically updates the digital twin model and generates 
maintenance recommendations. This dynamic predictive process can detect faults early and support maintenance 
planning decisions, thereby significantly reducing unplanned downtime and ensuring the stable and efficient 
operation of automated production lines. This predictive model functions as an intelligent decision-making 
engine, closely linked to the real-time information flow of the digital twin. The Long Short-Term Memory 
network possesses a strong ability for time learning, capable of identifying slow-evolving wear patterns while 
filtering out random operational noise; while the genetic algorithm enhances its adaptability by automatically 
identifying the optimal hyperparameter configurations under different robot states and working conditions. This 
hybrid structure ensures that the model remains robust even when facing workload fluctuations, environmental 
disturbances, or unexpected anomalies. As the digital twin continuously synchronizes the physical behaviors 
of the robots with their virtual representations, the predictive model receives constantly changing and rich data 
streams, enabling it to update the health assessment in real time and adjust the predictions according to changing 
circumstances. Once early deterioration trends or potential fault characteristics are detected, the system will 
issue an active warning and recommend the best intervention window, ensuring that maintenance actions are 
scheduled before a failure occurs. This highly integrated mechanism significantly enhances the responsiveness 
and intelligence of predictive maintenance, helping to more accurately estimate the remaining useful life, timely 
prevent faults, and achieve smoother production scheduling in automated manufacturing environments.
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4   Case Study: Automated Production Line

This case study outlines the implementation of a predictive maintenance framework for industrial robots based 
on a digital twin system in Table 2. The system employs a hierarchical approach to create a virtual copy of the 
robot and continuously collects real-time operational data via sensors such as vibration, temperature, current, 
and position. This data is preprocessed, including noise filtering and feature extraction, to generate key health 
indicators such as RMSE vibration values, peak current, and temperature gradients. These indicators are fed into 
a predictive model that combines a LSTM network and a GA for hyper parameter tuning, enabling accurate fault 
prediction and real-time health monitoring. This model is embedded in a digital twin environment that calculates 
parameters such as RUL and performance degradation to support early fault detection and maintenance planning. 
The system is monitored through an interactive dashboard, allowing engineers to gain insights into the robot’s 
condition and make informed maintenance decisions [27]. To validate the system, two evaluation strategies 
were employed: controlled fault simulation and historical data analysis. These strategies evaluated the model’s 
predictive accuracy and robustness. System performance metrics included prediction accuracy, root mean square 
error, reduction in downtime, and cost savings. The results show that the predictive maintenance framework can 
effectively reduce unplanned downtime, extend robot life, and minimize maintenance costs, providing a reliable 
solution for maintaining operational efficiency in automated production environments.

Table 2. Overview of predictive maintenance framework using digital twin for industrial robots

Section Details

System Description
Six ABB IRB 1600 robots equipped with sensors for vibration, temperature, 
current, and position monitoring. Data helps in predictive maintenance, reduc-
ing downtime and extending lifespan.

Digital Twin 
Implementation

The digital twin system collects and preprocesses sensor data, uses LSTM with 
GA optimization for failure prediction, and provides real-time health metrics via 
an interactive dashboard.

Experimental Setup Validated using controlled fault simulation and historical data analysis for accu-
racy and robustness.

Evaluation Metrics

Prediction Accuracy: Measures failure prediction.
RMSE: Quantifies prediction error.
Downtime Reduction: Measures unplanned downtime reduction.
Cost Savings: Includes reduced maintenance frequency and extended compo-
nent lifespan.

4.1   System Description

This case study focuses on an automated production line in a medium-sized factory, which uses six six-axis 
articulated robots (ABB IRB 1600) to perform various tasks, including assembly, welding, and material handling. 
These robots are critical to the manufacturing process, and their efficient and uninterrupted operation directly 
impacts the overall performance of the production line. These robots are equipped with a range of sensors that 
continuously monitor their operating status, providing crucial information about their health and performance. 
Each robot on the production line is equipped with multiple types of sensors to monitor key operating 
parameters. Vibration sensors are mounted at the robot’s joints to detect mechanical wear, misalignment, or 
other kinematic problems. These sensors can identify deviations from normal operating conditions, such as 
abnormal vibrations, which may indicate potential faults in the robot’s motors, gears, or structural components. 
In addition to vibration sensors, temperature sensors are mounted on the robot’s motors and gearboxes to 
monitor temperature conditions. Overheating is a common failure in industrial robots, especially during high-
load operation. Excessive temperatures can lead to component performance degradation, reduced efficiency, and 
ultimately, failure. Continuous temperature monitoring allows for early detection of overheating signs, enabling 
preventative measures to be taken before serious damage occurs. Current sensors are used to monitor the robot’s 
power consumption and detect load fluctuations. These sensors track current variations, indicating potential 
electrical problems such as motor overload or electrical imbalance. Load fluctuations significantly impact robot 
operational stability, so monitoring current patterns helps detect anomalies that may affect performance early. 
Furthermore, the robot is equipped with position and velocity encoders for precise motion tracking. These 
encoders provide real-time data on the position and velocity of the robot’s joints and end effectors, ensuring 
the accuracy and reliability of motion patterns. Any deviation from the expected motion trajectory is identified, 
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preventing potential errors during assembly, welding, or material handling. All these sensors work together to 
provide comprehensive real-time data on the robot’s operational status, enabling the identification of mechanical 
wear, overheating, abnormal loads, and irregular motion patterns. The ability to continuously collect and analyze 
this data is crucial for effective predictive maintenance. Predictive maintenance allows factories to proactively 
identify potential failures and schedule maintenance, minimizing unplanned downtime and extending robot 
lifespan. Given the high-frequency nature of production cycles, even brief downtime can result in significant 
economic losses, making predictive maintenance essential. The ability to predict when a robot will require 
maintenance allows production lines to maintain optimal performance levels, reducing the risk of unexpected 
failures and improving the overall efficiency and reliability of automated systems. The functions and descriptions 
of each sensor are shown in Table 3.

Table 3. Functions and descriptions of each sensor

Sensor type Installation location Core functions
Vibration Sensors At the robot’s 

joints
Detect mechanical wear, misalignment, or other kinematic is-
sues; identify abnormal vibrations to warn of potential faults in 
the robot’s motors, gears, or structural components.

Temperature 
Sensors

On the robot’s 
motors and 
gearboxes

Continuously monitor temperature conditions; detect early signs 
of overheating to prevent component performance degradation, 
efficiency reduction, and failures caused by high temperatures.

Current Sensors In the robot’s 
power system

Monitor power consumption and load fluctuations; track current 
variations to warn of electrical problems such as motor overload 
or electrical imbalance, ensuring operational stability.

Position and 
Velocity Encoders

At the robot’s 
joints and end 
effectors

Precisely track motion status; provide real-time data on position 
and velocity to identify deviations from expected motion trajec-
tories, ensuring the accuracy of tasks like assembly, welding, 
and material handling.

4.2   Implementation of the Digital Twin

The digital twin system implemented in this case study employs a hierarchical approach to create a virtual 
copy of a physical robot for real-time monitoring of its health and performance. At the heart of the system is 
a continuous data acquisition process, where sensors on the robot constantly collect operational data such as 
vibration, temperature, current, and position. This raw sensor data is then preprocessed to remove noise and 
normalize values, ensuring data consistency and reliability for analysis. In the preprocessing step, key features 
are extracted, such as the RMS value of vibration, peak current readings, and temperature gradients of various 
robot components. These features are crucial for assessing the robot’s health, as they provide information about 
factors such as mechanical wear, electrical stress, and thermal stress, all of which indicate the robot’s current 
state. After data cleaning and feature extraction, the data is fed into a predictive model that combines a LSTM 
neural network with hyper parameter optimization based on a GA. LSTM is particularly well-suited for time-
series data, such as data generated by industrial robot sensors, as it can capture long-term dependencies and 
trends in data over time. A GA is used to optimize the hyper parameters of the LSTM network, enabling it to 
better predict robot behavior under different conditions and accurately predict potential failures. This predictive 
model is embedded in a digital twin environment that continuously calculates real-time health metrics for each 
robot component. These health metrics include parameters such as RUL and performance degradation, which 
are crucial for early failure detection and maintenance planning. To make the system easier to use and operate, 
an interactive dashboard was created. This dashboard displays key information about the robot’s status, such as 
current health metrics, predicted remaining useful life, and maintenance alerts. Engineers can use this dashboard 
to monitor performance trends, enabling them to make informed decisions about when to perform maintenance. 
This dashboard serves as a central hub for operations, allowing the maintenance team to understand the robot’s 
condition and helping them prioritize maintenance work to avoid unplanned downtime. The implementation 
of the digital twin adopts a modular architecture that separates data acquisition, model computation, and 
visualization layers, ensuring scalability and flexible deployment across different robot platforms. The process 
framework is shown in Fig. 2.
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Fig. 2. Process structure diagram

4.3   Experimental Setup

To validate the effectiveness and accuracy of the predictive maintenance framework, the research team employed 
two key strategies: controlled fault simulation and historical data analysis. These methods aim to evaluate the 
system’s ability to predict faults under simulated and real-world conditions. The controlled fault simulation 
method was used to create artificial degradation scenarios that simulate common fault modes in industrial robots. 
Its goal is to stress-test the predictive maintenance system by introducing real-world operating conditions. In 
this method, specific fault modes such as robot joint wear and motor overload are simulated over time. The 
wear model simulates the gradual degradation of mechanical components, a common challenge in high-cycle 
operation. Additionally, occasional motor overloads are simulated to mimic the stresses the robot might encounter 
under heavy or abnormal loads. By introducing these fault modes, the system’s ability to detect early signs of 
faults and predict future degradation can be evaluated. This strategy tests the system’s robustness in identifying 
faults during real-world operation. In addition to simulated faults, the research team also utilized historical 
operational data from the robot to validate the predictive maintenance system. This data-set covers three years of 
real-world operational history, including detailed sensor readings, historical fault records, and maintenance event 
logs. These operational data enabled the research team to assess the accuracy of system failure predictions based 
on past performance, rather than solely relying on controlled simulations. By comparing system predictions with 
actual failures and maintenance logs, the team was able to evaluate the model’s predictive accuracy under real-
world conditions. 

4.4   Evaluation Metrics

The performance evaluation of predictive maintenance systems based on digital twins is based on the following 
key metrics: Prediction Accuracy: This metric measures the model’s ability to accurately predict impending 
failures and performance degradation. High prediction accuracy ensures proactive maintenance, preventing 
unintended failures. In quantitative terms, prediction accuracy can be evaluated using the standard classification 
accuracy formula:

TP TNAccuracy
TP TN FP FN

+
=

+ + +
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Root Mean Square Error: RMSE quantifies the difference between predicted and actual performance 
degradation. A lower RMSE value indicates that the model’s predictions more closely match the robot’s actual 
behavior, which is crucial for providing reliable robot health information. This metric is typically computed as:
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Downtime Reduction: This metric compares the reduction in unplanned production downtime before and after 
implementing the predictive maintenance system. Its purpose is to demonstrate that the system can schedule 
maintenance based on real-time health data, rather than relying on reactive repairs, thus effectively reducing 
unplanned downtime. The reduction rate can be expressed as:

 100%before after

before

D D
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−
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Cost Savings: Predictive maintenance systems aim to reduce overall maintenance costs by extending 
component lifespan and minimizing production losses. By accurately predicting failures and scheduling 
maintenance before catastrophic events occur, the system can reduce the frequency of emergency repairs and 
unplanned downtime. Metrics for cost savings include reduced maintenance frequency, extended component 
lifespan, and minimized production disruptions caused by robot downtime. In addition to these core indicators, 
a comprehensive assessment will also take into account the system’s response capability, the model’s stability 
under different operating loads, and the interpretability of health predictions. The system’s response capability 
reflects the speed at which the predictive model updates the deteriorated estimates upon receiving new sensor 
data, which is crucial for real-time maintenance decisions. Model stability ensures that even if the robot suddenly 
encounters workload changes, environmental disturbances, or temporary anomalies, the predictive results remain 
consistent. A common measurement is the variance of predicted health indicators:

ˆ( )Stability Var y= (24)

Moreover, interpretability plays an increasingly important role in industrial applications because maintenance 
engineers must understand why the system predicts a certain failure trend in order to trust and act upon its 
recommendations. By examining these supplementary aspects through the lens of evaluating accuracy, root mean 
square error, reduction in downtime, and cost savings, the assessment framework can comprehensively evaluate 
the reliability, practicality, and long-term impact on production efficiency of the predictive maintenance system. 
This multi-indicator approach ensures that the predictive system based on digital twins not only performs well 
in controlled experiments but also continues to create value during its continuous deployment in the actual 
manufacturing environment.

5   Results and Analysis

Fig. 3 shows three curves representing the robot degradation index over time. The solid black line represents 
the actual degradation index. The dashed blue line represents the degradation index predicted by the proposed 
LSTM-GA model, which combines an LSTM network and a GA for optimization; the dashed red line represents 
the prediction result of the baseline LSTM model. It can be seen that the prediction result of the LSTM-
GA [24] model matches the actual degradation index well, effectively capturing the overall trend and local 
fluctuations in the degradation process, indicating that the model can effectively simulate the dynamic and 
nonlinear characteristics of robot degradation. In contrast, the prediction result of the baseline LSTM model 
shows significant deviation in the later stages of degradation, especially in the accelerated degradation phase, 
exhibiting a certain lag and failing to respond promptly to abrupt changes in the degradation process. The 
baseline LSTM model cannot accurately capture rapid changes in the degradation process, thus exhibiting 
certain prediction errors. This indicates that the baseline LSTM model has certain shortcomings in capturing 
rapidly changing degradation patterns. By introducing the LSTM-GA model optimized by a genetic algorithm, 
the prediction accuracy can be significantly improved, providing a more reliable basis for maintenance decisions 
and reducing the risk of unplanned downtime. The LSTM-GA model better adapts to the nonlinear changes 
in robot degradation and responds promptly, ensuring early maintenance when the robot reaches a critical 
degradation state. This result validates the advantages of combining genetic algorithm optimization with LSTM, 
improving the accuracy and reliability of predictive maintenance systems and providing strong support for 
robot maintenance in smart manufacturing. Furthermore, considering the various operating environments and 
loads faced by industrial robots in production, the superiority of the LSTM-GA model is also reflected in its 
adaptability to different working conditions. In practical applications, robot degradation is typically affected by 
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multiple factors such as ambient temperature and load fluctuations, which can lead to changes in degradation 
patterns. Compared to traditional threshold-based monitoring methods, the LSTM-GA model can dynamically 
adjust its prediction strategy to adapt to these external changes, thus providing more accurate predictions in 
complex industrial environments. Moreover, through continuous real-time monitoring and model updates, digital 
twin technology ensures the long-term stability and reliability of the LSTM-GA model, supporting the efficient 
operation of the robot system throughout its entire life cycle. The model’s dynamic learning and adjustment 
capabilities enable predictive maintenance systems not only to cope with the current degradation state but also to 
predict future degradation trends. This enables proactive maintenance planning, effectively reducing production 
downtime, lowering maintenance costs, and extending robot lifespan. Therefore, the successful application of 
the LSTM model combined with genetic algorithms in robot degradation prediction demonstrates the enormous 
potential of digital twin technology in intelligent manufacturing and industrial robot maintenance. This 
combination provides a new approach, driving the transformation of industrial robot maintenance from traditional 
time- and experience-based methods to more intelligent, data-driven, and precise predictive maintenance 
methods, providing strong technical support for the sustainable development of intelligent manufacturing.

Fig. 3. Degradation index prediction-ground truth vs. proposed LSTM-GA vs. baseline LSTM

Fig. 4 shows the RMSE values of different models in predicting the degradation index to compare their 
prediction accuracy. The horizontal axis represents the proposed LSTM-GA model, the baseline LSTM model, 
Random Forest, and Support Vector Regression, respectively, while the vertical axis represents the RMSE value 
of each model. As can be seen from the figure, the proposed LSTM-GA model exhibits the lowest RMSE value, 
indicating that it has the best accuracy in predicting the degradation index. In contrast, the baseline LSTM model 
has an RMSE of 0.075. Although it still shows good accuracy compared to other traditional models, its error is 
larger than that of the LSTM-GA model. The Random Forest model has an RMSE of 0.085, which is relatively 
poor. Although it is a tree-based prediction method, it fails to effectively capture the dynamic characteristics 
of the degradation process when processing time series data. Finally, the Support Vector Regression model 
has an RMSE of 0.072, which is slightly better than Random Forest, but still inferior to LSTM-GA and the 
baseline LSTM model. This result demonstrates that the LSTM model optimized using a genetic algorithm 
offers higher prediction accuracy compared to other common machine learning models, especially when dealing 
with complex time-series data. By optimizing its hyper parameters, the LSTM-GA model can better adapt 
to nonlinear changes in the degradation process, thus exhibiting higher accuracy and reliability in predictive 
maintenance of industrial robots. Furthermore, while other traditional machine learning models such as random 
forests and SVR can provide reasonable predictions in some cases, they fail to achieve the same accuracy as the 
LSTM-GA model when dealing with the dynamic changes in robot degradation predictions, highlighting the 
superiority of the LSTM-GA model in such tasks. In addition, the bar chart clearly highlights the performance 
gap between deep learning–based models and conventional machine learning approaches. The substantial 
reduction in RMSE achieved by LSTM-GA suggests that evolutionary optimization successfully alleviates key 
issues such as suboptimal weight initialization, vanishing gradients, and unstable learning rates—factors that 
often limit the predictive capacity of standard LSTM architectures. The relatively high RMSE of Random Forest 
further confirms that models without temporal memory struggle to model long-term degradation dependencies. 
Meanwhile, the modest improvement of SVR over Random Forest implies that kernel-based regression can 
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partially capture nonlinear patterns but still lacks the sequential modeling capability required for accurate 
prognostics.

Fig. 4. RMSE comparison of different prediction models

This Fig. 5 shows the predicted changes in the robot’s RUL over time. The horizontal axis represents time, 
and the vertical axis represents the remaining useful life. The three curves in the figure represent: the actual 
degradation curve, the LSTM-GA model proposed in this paper, and the baseline LSTM model, respectively. As 
shown in the figure, the prediction results of the LSTM-GA model proposed in this paper agree well with the 
actual degradation curve, especially in the rapid degradation phase, accurately reflecting the changing trend of 
RUL, indicating that the model can accurately capture the robot’s degradation process. In contrast, although the 
baseline LSTM model can reflect the overall degradation trend, it has a significant lag in certain time periods, 
especially when the degradation rate is high, causing its predicted values to deviate from the actual degradation 
curve. This shows that the LSTM-GA model, through optimization by a genetic algorithm, can effectively 
improve the model’s accuracy, especially when facing complex nonlinear degradation processes. In contrast, 
the prediction capability of the baseline LSTM model is relatively limited and cannot fully capture the detailed 
changes in the degradation process. The difference in prediction accuracy is crucial for practical applications. 
In industrial production, robot degradation often exhibits complex nonlinear patterns. Traditional prediction 
methods based on fixed rules or simple models are difficult to accurately capture degradation details, leading 
to delays or over-predictions in maintenance decisions. Therefore, LSTM models optimized using genetic 
algorithms offer a more flexible and accurate prediction method. They can not only identify early signs of 
failure in a timely manner but also adjust according to actual degradation, thereby improving the accuracy and 
reliability of predictions. This data-driven intelligent prediction method provides a more scientific basis for robot 
maintenance in intelligent manufacturing, helping to optimize maintenance plans, reduce unexpected downtime, 
improve production efficiency, and extend robot lifespan.

Fig. 5. Remaining useful life prediction vs. ground truth
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This Fig. 6 displays unplanned downtime for each month, with the horizontal axis representing months and the 
vertical axis representing unplanned downtime. The bar chart is divided into two groups: before implementation 
and after implementation. The two bars for each month represent a comparison of robot downtime before 
and after implementing the predictive maintenance system. The chart shows that unplanned downtime was 
significantly reduced after implementation, especially in the busiest months of the production cycle. Before 
implementation, monthly downtime was generally high, mostly exceeding 100 hours, and in some months even 
exceeding 120 hours. After implementation, unplanned downtime was significantly reduced, with downtime 
in many months dropping below 50 hours, and even approaching 20 hours. This change indicates that the 
introduction of the predictive maintenance system significantly improved production line efficiency and reduced 
unexpected downtime. The high downtime before implementation was likely due to the lack of timely prediction 
of potential failures in traditional maintenance methods, leading to repairs only when robots experienced sudden 
malfunctions, frequently resulting in downtime. After implementation, by introducing predictive maintenance, 
the system can monitor the robot’s health status in real time, identify potential problems promptly, and schedule 
maintenance in advance. This allows maintenance activities to be completed within planned downtime, avoiding 
production interruptions due to emergency failures. As shown in the figure, predictive maintenance systems, 
through a data-driven approach, can predict and identify potential robot malfunctions in advance, thereby 
preventing frequent unplanned downtime. This improvement not only enhances production line stability but also 
increases equipment availability. Furthermore, reduced downtime translates to increased production efficiency 
and lower maintenance costs, resulting in greater economic benefits for manufacturing companies. In this way, 
smart manufacturing maintenance systems are optimized, production lines operate more smoothly, and the 
long-term stable operation of enterprises is guaranteed. The continuous monthly decline trend shown in the bar 
chart not only indicates a decrease in extreme failure events, but also demonstrates a significant smoothing of 
operational fluctuations. Before the implementation of this system, the huge fluctuations in the downtime curve 
indicated that the production line often faced unpredictable interruptions, which made capacity planning complex 
and increased the workload of maintenance personnel. After deploying the predictive maintenance system, the 
range of downtime values became narrower, meaning that machine failures became more predictable, enabling 
the maintenance team to plan intervention measures more effectively and align them with the production cycle. 
This stability is particularly valuable during production peaks such as May, July, and August, as even short 
interruptions during these critical periods could lead to cascading delays and logistical problems. And the 
downtime remained at a low level during these critical periods, proving the system’s strong ability to maintain 
operational continuity under pressure. In summary, this data indicates that predictive maintenance not only 
reduces the total duration of failures but also improves the reliability and predictability of the entire production 
plan, thereby bringing continuous operational and economic benefits.

Fig. 6. Monthly unplanned downtime before and after implementation

This Fig. 7 compares the changes in annual maintenance-related costs before and after implementing a 
predictive maintenance system. The horizontal axis represents the time span before and after implementation, 
and the vertical axis represents annual maintenance costs. The bar chart is divided into three parts: planned 
maintenance costs, unplanned maintenance costs, and production loss costs. Each group of bars represents the 
changes in various costs before and after implementing the predictive maintenance system. The chart shows 
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that before the system was implemented, annual maintenance costs were mainly concentrated in unplanned 
maintenance costs and production loss costs, especially production loss costs, which were significantly higher 
than planned and unplanned maintenance costs. This indicates that without a predictive maintenance system, 
frequent failures and downtime during production led to high production losses. Planned maintenance costs were 
relatively low, indicating that maintenance activities were carried out according to plan, but unplanned downtime 
caused significant additional costs due to the inability to effectively predict failures. After implementing the 
predictive maintenance system, unplanned maintenance costs and production loss costs decreased significantly, 
especially production loss costs, which dropped to nearly 30% of their original level, indicating that the system 
has a significant effect on reducing unexpected failures and downtime. Conversely, planned maintenance costs 
increased slightly, but the increase was not large; instead, these costs were optimized and rationally planned. 
Predictive maintenance allows maintenance activities to be performed during periods of minimal production 
disruption, thereby reducing production losses and emergency repair needs. This result validates the significant 
role of predictive maintenance systems in reducing production costs. By predicting potential failures, the system 
can schedule maintenance in advance, avoiding major production losses and additional repair costs caused 
by sudden downtime, thus significantly improving production efficiency and reducing overall maintenance 
expenditures. This provides a more precise and effective solution for maintenance management in smart 
manufacturing, optimizing the allocation of production resources and saving enterprises substantial costs.

Fig. 7. Annual maintenance-related cost comparison before and after implementation

6   Conclusion

This study proposes and validates a predictive maintenance framework based on digital twins and LSTM-GA 
models, aiming to improve the maintenance efficiency and reliability of industrial robots in automated production 
lines. Predictive experiments based on actual degradation data demonstrate that, compared to traditional LSTM 
models and other machine learning methods, the LSTM model optimized by a genetic algorithm can more accu-
rately predict robot degradation processes, significantly reducing unplanned downtime and effectively mitigating 
production losses. Furthermore, implementing the predictive maintenance system optimizes annual maintenance 
costs by reducing unplanned maintenance and production losses, while also lowering planned maintenance costs, 
providing a strong guarantee for the stable operation of the production line. The LSTM-GA model, through re-
al-time monitoring and data-driven prediction, can accurately capture subtle changes in robot degradation, iden-
tify potential failure risks in advance, and schedule maintenance activities during periods of minimal production 
interruption, thereby reducing unexpected downtime caused by equipment failures. These results validate the 
broad application potential of predictive maintenance systems in smart manufacturing, providing a scientific and 
intelligent solution for robot maintenance management. 
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