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ABSTRACT 
One of the fundamental functionalities of a digital twin of any production system is its ability to 

serve as a ‘twin’, i.e. effective synchronization between the physical state and the digital state. 

These states can include being idle, working, failure, setup, slowdown, etc. Application-based top-

down approaches to developing digital twins generally consider pre-calculated states or known 

data conditions, limiting their scope. In contrast, real-life production presents a myriad of possible 

states. This stimulus-awareness serves as the foundation for realistically modeling production 

behavior in real time, which leads to improved production planning, simulation, execution, and 

management. Thus, a bottom-up scalable state detection method and a systematic four-phase 

learning framework using minimal data are proposed for realizing stimulus-aware digital twins at 

the beginning of equipment operation. The proposed solution uses an unsupervised autoencoder 

for two-stage pattern recognition and PCA-T2  for change detection learning using a single state, 

followed by new state detection and adaptation using a novel implementation of a custom loss 

function to maximize the distribution discrepancy between the latent representation of the two 

states. Validation is performed over three real-life datasets, including a newly created gearbox 

dataset that varies in type of equipment, signal, operating parameters, etc. 80 experiments are 

conducted across different scenarios and repeated 5 times each, along with statistical testing to 

benchmark performance with the traditional approach. To further benchmark the performance of 

the proposed model, Generative Adversarial Networks (GANs) have also been explored. An 

additional 10 experiments were conducted across various scenarios, with each experiment repeated 

five times to assess the model's performance. The proposed method detects a change in state with 

over 97.5% accuracy and an F1 score of more than 95.2%, irrespective of the dataset or the states 

used for modeling, narrowing the gap between localized success stories and the large-scale use of 

digital twins in production industries.  
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Chapter 1 Introduction 

The modern manufacturing industry operates in an increasingly 

complex and competitive environment, where agility, efficiency, and 

precision are essential[1],[2]. However, a critical barrier that manufacturers 

face is the lack of real-time monitoring and operational visibility. Without 

a continuous flow of live data from the shop floor, decision-makers struggle 

to respond swiftly to production anomalies or performance bottlenecks. 

This lack of insight is often rooted in the widespread use of legacy machines 

that were not designed to connect digitally, making it difficult to collect and 

integrate data into centralized systems. The lack of integrated data also 

limits the adoption of predictive maintenance, forcing many manufacturers 

to rely on reactive practices that result in unexpected downtimes and costly 

disruptions[3]. Operational inefficiencies further emerge due to the inability 

to optimize energy usage and resource consumption, driving up production 

costs and reducing sustainability. Quality control becomes another critical 

concern, as outdated inspection processes and limited traceability lead to 

inconsistent product standards and difficulties in identifying the root causes 

of defects[4], [5]. Traditional production systems remain rigid and struggle 

to adapt to evolving customer demands, such as customization and shorter 

delivery cycles. Ultimately, the absence of standardized, interoperable 

systems and limited access to actionable data constrain manufacturers from 

leveraging advanced analytics and predictive technologies, creating a cycle 

of inefficiency that undermines competitiveness in a rapidly changing 

market. One major issue is the heavy use of old machines that weren't built 

to connect digitally, which makes it tough to gather and combine data from 

them[6]. These challenges highlight the urgent need for digital 

transformation through the adoption of technologies such as artificial 

intelligence (AI), sensors, the Internet of Things (IoT), and Digital Twin 

systems.  The growing complexity of modern equipment and manufacturing 

applications, particularly with digitalization in production processes, 
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consists of numerous diverse components with varying goals and dynamic 

connections. Managing such systems manually is impractical, so future 

systems must exhibit advanced autonomy. Industries are undergoing a 

significant transformation due to the rise of Industry 4.0, which emphasizes 

the digitalization of traditional industrial and manufacturing practices. This 

new industrial revolution focuses on leveraging advanced digital 

technologies to make manufacturing processes smarter, more efficient, and 

highly interconnected. At the core of Industry 4.0 are technologies such as 

Artificial Intelligence (AI), Machine Learning (ML), big data analytics, 

Internet of Things (IoT), and high-performance computing. These tools 

empower companies to collect and analyze vast amounts of data generated 

by sensors, machines, and systems in real time. By processing this data, 

industries can predict operational issues, enhance production processes, and 

minimize waste. Moreover, the integration of AI and ML enables these 

systems to learn from historical and real-time data, continuously improving 

performance and supporting smarter decision-making. Industries are 

experiencing a significant digital transformation driven by the rise of 

Industry 4.0. This shift is fueled by the unprecedented growth of 

technologies, including machine learning, IoT, cyber-physical systems, 

computational power, information and communication technologies, and 

advanced sensing capabilities. Digital Twins are emerging as one of the 

most essential integrations of these technologies due to their potential to 

optimize process control, prevent quality defects, monitor equipment 

health, predict failures, and streamline supply chains [7][8].   

1.1 Digital Twin Systems 

In recent years, numerous efforts have been made to consolidate the 

definition of digital twins in several review papers [9][10][11]. 

VanDerHorn et al. [11] state a digital twin as “a virtual representation of a 

physical system (and its associated environment and processes) that is 

updated through the exchange of information between the physical and 
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virtual systems”. It allows for a dynamic, real-time connection between the 

digital and physical worlds, enabling organizations to simulate, monitor, 

and optimize performance throughout the lifecycle of assets or processes. 

Digital Twins act as a convergence point for multiple Industry 4.0 

technologies, combining data from IoT devices, enhanced with AI and ML 

algorithms, to deliver insights that drive operational excellence.  

In manufacturing, Digital Twins are revolutionizing how companies 

approach process optimization, predictive maintenance, and quality 

assurance[3], [12]. They allow for simulations that test and validate 

production processes, reducing downtime and enhancing productivity. In 

supply chain management, Digital Twins provide end-to-end visibility, 

support proactive decision-making, and allow for real-time replanning and 

rescheduling in response to market fluctuations or disruptions[13], [14]. 

Their ability to continuously learn from operational data means they can not 

only reflect the current state of a system but also predict future behavior and 

recommend adjustments. Beyond manufacturing, the benefits of Digital 

Twins extend to healthcare, automotive, aerospace, smart cities, and 

agriculture[15], [16][17]. In healthcare, Digital Twins can model individual 

patients for personalized treatment planning. In the automotive and 

aerospace sectors, they enable virtual testing and maintenance prediction. 

For smart cities, they help in urban planning and infrastructure monitoring. 

As industrial systems become increasingly complex and autonomous, the 

need for more advanced, intelligent Digital Twins is becoming apparent. 

These next-generation systems must evolve beyond basic simulations to 

become cognitive and self-aware, capable of understanding their 

environment, anticipating changes, and making decisions 

independently[18]. This evolution will be crucial in achieving the full 

potential of Industry 4.0, creating systems that are not only automated but 

also adaptive and intelligent. 



4 
 

1.2 Architecture of Digital Twin Systems 

With the rapid advancement of digitalization in manufacturing, 

modern equipment and production systems have become increasingly 

complex. These systems comprise numerous interconnected components, 

each with distinct functions, objectives, and operating conditions. As a 

result, they generate vast and diverse datasets under varying operational 

scenarios, making data analysis and interpretation a challenging yet 

essential task. Managing such systems manually is impractical, so future 

systems require an intelligent system. These systems are especially valuable 

in the production industry, where digital twins are integrated with self-

awareness principles to enhance prediction and decision-making processes. 

Based on the level of intelligence integrated into the system, Digital Twins 

can be classified into the following categories[19]: 

i. Descriptive Digital Twin: A digital representation that captures and 

visualizes the current and historical state of a physical system. It 

provides real-time or recorded data to describe what is happening 

and has happened, enabling monitoring, reporting, and basic 

diagnostics. However, it does not offer insights into future states or 

support decision-making through predictions or simulations. 

ii. Predictive Digital Twin: Typically utilizes predictive data 

analytics such as data mining, statistical techniques, and machine 

learning to extrapolate what might happen in the future. Such a twin 

only allows reliable extrapolation to scenarios similar to those that 

produced the historical or training data. 

iii. Prescriptive Digital Twin: Twins that utilize simulation, support 

what-if analysis, thus enabling explanations and deep understanding 

of mechanisms governing system behavior. The exploration of 

multiple what-if scenarios delivers actionable insights suggesting 

the best solution given various choices and optimizing the result of 

future events or risks. 
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iv. Cognitive Digital Twin: These are twins with the highest level of 

intelligence that can replicate human cognitive processes and 

execute conscious actions autonomously, with minimal or no human 

intervention. 

As digitalization progresses in production systems, modern machinery and 

manufacturing setups have grown significantly more complex. These 

systems consist of many interlinked components, each with unique 

functions, goals, and operating environments. Due to their dynamic 

interactions and continual adjustments to shifting demands, manually 

managing these systems has become increasingly unfeasible. Human 

operators are no longer able to match the necessary precision, speed, and 

synchronization needed for efficient and dependable operation. As a result, 

future manufacturing systems must become more autonomous to effectively 

cope with this complexity. 

A critical aspect of this autonomy lies in the system’s ability to be self-

aware and self-expressive[19], [20], [21]. Self-awareness refers to the 

system's capability to monitor its own internal states, understand its 

performance, and recognize its environment. This allows the system to 

detect faults, anticipate maintenance needs, and adjust operations to 

maintain optimal performance. On the other hand, self-expression is the 

ability of the system to communicate its status, goals, and requirements to 

other machines, systems, or human operators[21]. This ensures smooth 

coordination, effective collaboration, and timely responses to any changes 

or issues within the production environment. Together, self-awareness and 

self-expression form the foundation for smart, adaptive manufacturing 

systems. They enable real-time decision-making, reduce the need for human 

intervention, and increase the system’s overall resilience and flexibility. As 

manufacturing continues to embrace digital transformation, these intelligent 

capabilities will become essential for achieving efficient, scalable, and 

sustainable production. 
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According to the literature, the concept of self-awareness[17], [19], [20], [22] 

has been seen in multiple disciplines, including psychology, artificial 

intelligence (AI), systems engineering, and robotics. This multidisciplinary 

approach contributes to the design of intelligent systems capable of adapting 

to dynamic environments. In the literature, researchers have defined five 

principles of self-awareness for digital twins in the following categories[20]: 

i. Stimulus aware: stimulus-aware digital twin serves as the 

foundation for all other types of self-aware digital twins. It is 

primarily reactive in nature, meaning it focuses on detecting events 

happening and responding to stimuli and events in the monitored 

environment without engaging in predictive or prescriptive analysis. 

Unlike simulation or what-if analysis, which use time-based 

projections to anticipate future outcomes, a stimulus-aware digital 

twin operates solely in the present. It demonstrates how real-time 

detection and reaction to environmental changes can influence the 

state and behavior of the observed system. For instance, in a parcel 

delivery system utilizing drones, a stimulus-aware digital twin 

would adjust routing and operations in response to immediate 

events, such as weather changes or traffic disruptions, according to 

predefined policies and objectives. Objectives may include 

minimizing the average delivery time of parcels and maximizing 

delivery coverage, while constraints could involve maintaining 

delivery within specified time windows, accounting for 

environmental factors, and respecting drone flying time limitations. 

This approach ensures that the system remains adaptive and resilient 

to real-world changes, maintaining performance without relying on 

future predictions. 

ii. Interaction aware: Knowledge of the stimulus of other twins and 

their relationship to itself. 

iii. Time aware: Knowledge of the past and likely future stimulus and 

its impact. 



7 
 

iv. Goal aware: Knowledge of current goals, preferences, and 

constraints. 

Incorporating all these levels of awareness in digital twin enhances their 

intelligence, adaptability, and autonomy, allowing them to self-monitor, 

optimize processes, and make informed decisions[19]. In [20], [21], [22] 

discussed the architecture of a self-aware digital twin system along with the 

different levels of awareness in digital twins. The architecture consists of 

four main components, as shown in Figure 1. The first component is the 

physical system connected with sensors; the data acquisition system 

measures the aspects inside the system. The second component is the 

updating engine, which is coherent with the self-awareness mechanism in 

[22]which updates the changes from a physical system to a digital system. 

The prediction engine [10] is used to predict the future state of the physical 

system using the prediction engine, which is coherent with the self-

expression mechanism that enables decision-making and updating back to 

the physical system using the actuators. These dimensions are supported by 

optimization dimensions through optimizing the performance of relevant 

functionalities like modeling, state estimation, prediction, decision-making, 

etc.  Development and integration of these dimensions qualify an entity as 

a self-aware digital twin and enable the fulfillment of the enormous benefits 

spanning its physical counterpart’s entire life cycle, including enhanced 

decision support [23]. These dimensions are supported by optimization 

 
Figure 1 Conceptual Framework of Self-Aware Digital Twin 
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dimensions through optimizing the performance of relevant functionalities 

like modeling, state estimation, prediction, decision-making, etc.[23]. 

While the perspectives to categorize the maturity of Digital Twins may 

differ, the functionalities remain consistent. The fundamental functionality 

is its ability to serve as a “twin,” i.e., synchronization between the physical 

state and the digital state. This is given through the updating engine in [23], 

cognitive capability in [24], and stimulus awareness in [20]. This capability 

of being stimulus-aware forms the quintessential foundation for the 

detection of state, optimization, and actuation of the goal-aligned decision 

to the physical system.  

1.3 Concept of State for equipment 

[25] Has described the concept of state detection by presenting a 

probabilistic dynamic decision network that tracks the physical state of the 

entity 𝑆𝑡, observed by the sensors. At each time step, based on these sensed 

observations, these physical states are being updated in virtual space as the 

digital state 𝐷𝑡. [26] have further considered a sequence of unknown digital 

state vectors that can be represented by r0: 𝑞 =  {r0, 𝑟1,⋯ , r𝑞}, and a 

sequence of noisy measurements or observation vectors, 𝑣0: 𝑞 =

  {𝑣0, 𝑣1,⋯ , 𝑣𝑞 }. The discrete-time state space model is formulated that 

takes the following form at time step 𝑞 which represents the time 𝑡𝑞. F(.) 

 
Figure 2 Updating digital states based on observations of physical states in a Digital 

Twin 
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and g(.) are further defined as the state transition and measurement function, 

respectively, that map the transition of the physical state to the digital state 

based on the observations. Figure 2 describes this ability via representation 

of the physical states being updated over time and the corresponding change 

of states in the digital space based on the observations. This becomes 

extremely important in the production environment to model the behavior 

of events for cost modeling, make span estimations, labor planning, 

inventory management, viz., and any behavior modeling for improved 

planning and execution. In real-life complex manufacturing systems, a 

system can witness significantly more states. For example, [27] considers a 

total of five states of the critical components in the target system: 1) healthy 

and operating; 2) degraded and operating; 3) healthy and idle; 4) degraded 

and idle; and 5) under maintenance. However, while operating, the system 

can undergo a change in product, a change in operation like grinding, 

milling, polishing, etc., and a change in operating conditions like RPM, 

load, etc. In a degraded health condition, the system can witness multiple 

failure modes. Figure 3 shows how a combination of all these factors can 

lead to the exponential growth of several states. 

The ability to detect events through the monitoring and analysing equipment 

states plays a pivotal role in the development and functionality of digital 

twins. Event detection is not merely about recognizing abnormal behaviours 

it serves as the foundation for intelligent, responsive, and adaptive systems. 

 
Figure 3 Exponentially expanding machine state combinations 
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As highlighted in[28], identifying transitions in equipment states enables 

the modeling of digital twins using knowledge graphs, which can enrich 

contextual understanding and drive decision-making processes across 

various industrial domains. 

From a broader perspective, event detection through state monitoring stands 

as a cornerstone in the realm of Prognostics and Health Management (PHM) 

of critical assets. Applications span across a wide range of including electric 

motors [29],  hydraulic pumps [30], air compressor [31], machine tools [3], 

and renewable energy systems such as wind turbines [32], [33]. Through 

accurate state recognition, these systems can not only detect early signs of 

faults but also provide predictive insights, allowing for timely interventions 

that minimize downtime and extend asset life. One notable domain where 

state detection has gained traction is in battery technology. Specifically, the 

quantification of state of change (SoC) and state of health (SoH) in lithium-

ion batteries [34][35] is vital for optimizing performance and ensuring 

safety in energy storage systems. These assessments support informed 

decisions in applications ranging from electric vehicles to renewable energy 

storage solutions. 

Despite these advancements, the integration of state detection as a core 

dimension within digital twin architectures remains relatively 

underexplored. For instance, [36] demonstrated a forward-thinking 

approach by creating a digital twin of a fixed-wing unmanned aerial vehicle 

(UAV) that exhibits a degree of self-awareness. This UAV could 

dynamically detect and adapt to changes in its structural health due to 

damage or degradation, enabling real-time adjustments in mission planning 

and execution. Such capabilities are crucial for mission-critical tasks like 

the delivery of high-priority items [37], especially under constraints like 

delivery time windows, environmental conditions, and flight endurance 

limitations [38]. 
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In manufacturing, the incorporation of event detection into digital twins is 

gradually shaping new paradigms of production control and scheduling. For 

example, [27] introduced a field-synchronized digital twin framework that 

responds to real-time fault detection in a flow shop environment, enabling 

adaptive and uncertainty-resilient production planning. 

In essence, event detection via equipment states forms the sensory system 

of a digital twin, allowing it to perceive, interpret, and act upon the evolving 

operational context. This capability not only supports predictive 

maintenance and health monitoring but also empowers the digital twin to 

serve as a proactive agent, one that evolves with the system, responds to 

unplanned scenarios, and optimizes performance across the asset lifecycle. 

To tackle this practical issue shown in Figure 3, a bottom-up approach is 

essential, wherein the digital twin learns as the observations become 

available with time. Additionally, as digital twins can be built for multiple 

types of assets, scalability is also essential. Thus, a systematic, scalable state 

detection method for realizing stimulus-aware digital twins is proposed, 

which forms the primary novelty of the work. It is motivated to bridge the 

gap between localized success stories and the large-scale usage of digital 

twins in production industries.  

The scope of this work in making digital twins semi-autonomous is defined 

as its ability to self-learn over the initial operational states of equipment for 

a given type of observation/signal, with inputs from domain experts. 

Additionally, the scope of scalability is defined as the quality of being semi-

autonomous over types of equipment as well as types of observations. The 

proposed work is validated across a new dataset collected on an 

experimental gearbox test rig, along with two public datasets for 

benchmarking the performance of the method.  

1.4 Organization of the Thesis  

This thesis is comprised of six chapters, which are as follows: 
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i. The current chapter introduces the research topic, emphasizes its 

significance, defines key concepts, and outlines the study's scope. 

ii. The second chapter will focus on conducting a comprehensive 

literature review that emphasizes three main areas: modeling and 

enabling technologies in the digital twin, state detection methods, 

and domain adaptation for scalability. The research objectives and 

proposed contributions will also be defined. 

iii. The third chapter will explore the four-state learning methodology 

that provides insights into developing a stimulus-aware or state-

detection capability as a core part of the digital twin. 

iv. The fourth chapter presents the experimental gear box test setup, 

used to perform the experiments, and dataset description, which are 

used to validate the model.  

v. The fifth chapter presents the experimental setup for three real-life 

datasets and their dataset description, which are used to validate the 

model.  

vi. In the sixth chapter, the results and findings obtained from the 

research will be presented, analyzing and interpreting the results in 

relation to the research objectives. 

vii. Chapter Seven presents a benchmarking study comparing the 

performance of GAN-based models with the proposed model. It 

details the evaluation results, key findings, and discusses the 

challenges encountered during the benchmarking process. 

viii. The eighth chapter will showcase the practical application of the 

proposed model. The methodology is highly effective for job 

tracking, monitoring, and scheduling in the production industry. 

ix. The ninth chapter will summarize the main conclusions and 

contributions of the research, discuss its potential areas for future 

research, provide recommendations for further investigation, and 

reflect on the overall research experience and lessons learned. 
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Chapter 2 Literature Review 

2.1 Literature Review  

In this chapter, we will focus on conducting a comprehensive literature 

review that emphasizes three main areas: modeling and enabling 

technologies in the digital twin, state detection methods, and domain 

adaptation for scalability. The research objectives and proposed 

contributions will also be defined. 

2.2 Modeling technologies in the digital twins 

In the growing area of developing digital twins, modeling methods, i.e., the 

process of creating a digital representation of a physical system, process, or 

object, play an important role. Their main purpose is to recreate the 

characteristics, behaviors, and real-time data interactions of a physical asset 

in a virtual space, allowing computation, analysis, and optimization. Based 

on purpose and complexity, modeling methods can be classified into 

the following categories [23]:  

1) Geometric Modelling: Geometrical modeling, or solid modeling, 

is a core component of digital twin development. Using computer-

aided design (CAD) software, 3D virtual representations of physical 

objects are created from 2D drawings or measurements. These 

models capture the shape, structure, and spatial relationships of 

equipment and systems, allowing engineers to simulate behavior, 

test configurations, and optimize performance without interfering 

with actual operations. Common CAD tools used in engineering 

include SolidWorks, AutoCAD, PTC Creo, and Catia, while 

platforms like Blender and Unity3D offer accessible free 

alternatives. Through these tools, individual components can be 

assembled into full system models for layout analysis, motion 

simulation, or ergonomic studies. In manufacturing, geometrical 

models are used to simulate production lines, optimize layout, and 
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evaluate process timing. Solid modeling also supports human–robot 

interaction studies, as seen in [28], where ergonomic assessments 

were performed in a virtual assembly area. These models are vital 

in ensuring safety and efficiency in shared workspaces. 

Additionally, solid models are used for quality control tasks such as 

tolerancing, geometry variation, and defect detection. Though high-

fidelity models for physics-based simulations like FEA require 

significant effort to develop, original equipment manufacturers 

(OEMs) increasingly provide these models with their machines. 

This growing trend aligns with the vision outlined by [39], where 

digital twins come pre-integrated with accurate solid models for 

predictive maintenance, virtual upgrades, and faster issue resolution. 

As a result, geometrical modeling forms a foundational pillar in the 

effective design and application of digital twins in modern 

manufacturing. 

2) Physics-based Modeling: Physics-based modeling and simulation 

in digital twin includes the mathematical model built using partial 

differential equations. Physics-based modeling and simulation for 

use in digital twin can be used in solid body structural analysis to 

know states such as stress levels, fluid flow rate, or temperature, 

using the finite element analysis. Finite element analysis has so far 

been an important modeling technique for digital twin [40][41]. 

Zhang et al. [42] used the finite element analysis and a DT-enhanced 

dynamic scheduling methodology to overcome the challenges of the 

machine's unavailability, mainly due to the machine's faulty state 

and cutting tool wear. Wang et al. [43] developed a digital twin of a 

battery through a digital model that captures the battery's critical 

states, such as the State of Charge (SoC), the State of Power (SoP), 

and the State of Health (SoH), which assesses the battery's overall 

condition and degradation over time.  
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3) Physics-informed Modeling: Due to the complexities in creating 

physics-based models, a hybrid approach is used where the physics-

based modeling is integrated with machine learning (ML) models. 

[3] Implemented the hybrid predictive maintenance approach for the 

CNC milling machine tool driven by a digital twin to monitor the 

time-varying states of the CNC machine tool during its operation, 

which are observed by the sensors. Similar hybrid approaches have 

been attempted for physical system modeling in digital twins for 

damage detection in structures [44]. While this approach improves 

generalization and explainability, it lacks a standard methodology 

for integrating the physics and machine learning models. 

4) Data-driven Modeling: By far the most used approach, data-driven 

models are constructed to represent the underlying physical 

input/output relationship using statistical or machine learning 

models. These techniques have become popular for modeling the 

physical system in a digital twin, as they learn from historical and 

real-time data to make predictions from unseen data [45] [46] 

[15][47]. Data-driven approaches have also been developed for 

change detection in industrial applications[48] [49]. Specifically 

with regard to production and manufacturing, various machine 

states like idle, working, failure, setup, slow down, off, and others 

for a shop floor are discussed[50][51]. For advanced machines, 

controllers can be a promising way to extract operational 

parameters like load, RPM, and battery capacity that define the 

state of the equipment. [52] demonstrates the integration of modern 

PLC programming techniques with the Siemens TIA portal, which 

enhances the monitoring of induction motors. The proposed 

integrated IoT-based architecture in [53] incorporates SCADA with 

an LQR-PID controller to serve as a local control unit or local 

intelligence for monitoring the flow rate and pressure in fluid 

pipeline transportation systems. In [28], during the robotic 
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machining process, the workpiece is monitored for states: chatter, 

critical, and stable. While modern controllers can provide 

information without installing additional sensors, the data quality 

might not be suitable for detecting critical health states or 

operational anomalies[54] [55]. Moreover, it is not always possible 

to access data from the controller for all equipment. 

5) System Modeling: System modeling is very crucial for representing 

the complex physics production system with Unified Modeling 

Language (UML), which is a general-purpose language that is 

commonly used for software development in model-based systems 

engineering (MSBE)[56]. Its application extends towards the 

modeling of digital twins, where UML has been used to model the 

connection between the different mechanical, hydraulic, and 

electrical components in a CNC machine tool[57]. System modeling 

has four main components: structure, behavior, properties, and 

requirements. These components enhance the validation, 

traceability, and life cycle management, making it highly relevant 

for digital twin implementations in production systems and shop 

floor environments. [58][59]. Increasing complexities of digital 

twins implementations in the production system, driven by 

simulation and databases, have made the UML and system modeling 

indispensable for managing system architecture and preventing 

downtime and implementation delays. A representative usage of 

UML is showcased by [59] where they considered the digital twin 

of cyber-physical production systems. As the digital system 

contained many components and complex relationships between 

those components, [60]adopted a UML-based approach to model 

system structure and component interactions associated with 

different system functions (i.e., monitoring, diagnostics, and 

predictive maintenance. UML and system modeling face challenges 

in digital twin modeling related to the software-centric constraints 
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[61] these techniques also face difficulties when there are large, 

complex systems [62], and a lack of real-time behavior 

interaction[60]While the UML improves cross-disciplinary 

integration, it still requires additional tools for full system 

connectivity. 

6) Multi-Agent System (MAS): Multi-Agent Systems (MAS) are 

increasingly essential in the development of Digital Twins (DTs), 

especially when modeling complex and dynamic cyber-physical 

systems. A Digital Twin is a virtual representation of a physical 

asset or system that operates in real time, often requiring the 

coordination of multiple subsystems. MAS offers a decentralized 

framework where autonomous agents, each with defined roles and 

objectives, interact and collaborate to simulate, monitor, and 

manage these subsystems effectively. The integration of MAS into 

DT architectures simplifies development by breaking down 

complex systems into modular, manageable agents. Each agent can 

be responsible for specific tasks such as data collection, diagnostics, 

predictive analytics, or optimization. This structure promotes 

scalability, resilience, and flexibility, allowing the DT to adapt to 

changes in its physical counterpart or environment in real time. As 

noted in [63],applying a design science research methodology 

alongside MAS architecture supports a systematic approach to 

building DTs. This methodology emphasizes iterative development 

and practical application, reducing system complexity and 

improving the efficiency of the design process. MAS-based DT 

implementations have been successfully applied in several domains. 

In smart manufacturing, MAS enables real-time process monitoring, 

fault prediction, and efficient resource scheduling, leading to 

reduced downtime and increased productivity [64]. In smart city 

planning, MAS facilitates the simulation of urban systems such as 

transportation, energy, and infrastructure, supporting more informed 
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and adaptive decision-making. In conclusion, MAS provides a 

robust, flexible foundation for developing Digital Twins, enabling 

better coordination, scalability, and intelligent system behavior in 

complex environments. 

2.3 State Detection Methods 

Specifically with regard to production and manufacturing, various 

machine states like idle, working, failure, setup, slow down, off, and others 

for a shop floor are discussed [50][51]. For advanced machines, controllers 

can be a promising way to extract operational parameters like load, RPM, 

and battery capacity that define the state of the equipment. Vadi et al. 

[52] demonstrate the integration of modern PLC programming techniques 

with the Siemens TIA portal, which enhances the monitoring of induction 

motors. The proposed integrated IoT-based architecture in [53] incorporates 

SCADA with an LQR-PID controller to serve as a local control unit or local 

intelligence for monitoring the flow rate and pressure in fluid pipeline 

transportation systems. In [28], during the robotic machining process, the 

workpiece is monitored for states: chatter, critical, and stable. While 

modern controllers can provide information without installing additional 

sensors, the data quality might not be suitable for detecting critical health 

states or operational anomalies. [54],[55]. However, it is not always 

possible to access data from the controller for all equipment. 

External signal-based learning approaches include one-class support vector 

machines (SVM) [65] and support vector data description (SVDD) [66] 

amongst others. Xie et al. [67] used a data-driven approach and discussed 

applications of digital twins at different stages of a cutting tool’s life cycle. 

Peng et al [68]proposed a digital twin model of the life cycle of the bearing, 

where the health states of the bearing are monitored. Luo et al. [61] have 

developed the digital twin for the CNC machine tool, where a multi-domain 

unified modeling technique of DT is established to map the physical and 

digital space for monitoring the health states and diagnosing faults. Luo et 
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al. [69] also presented a DT for the CNC machine tool, which allows for 

precise prediction and monitoring of the machining state of a CNC machine 

tool, as well as real-time compensation of the workpiece's machining 

contour inaccuracy. Support vector machines (SVM) and Mult-kernel 

support vector machines are widely employed in detecting bearing 

classification and different faulty states classifications [70], [71]. Many 

other machine learning techniques are widely used for the development of 

digital twins these machine learning algorithms are applied to diagnose 

rotating machines, such as Principal Component Analysis (PCA) [72], and 

Kernel Principal Component Analysis (KPCA) [73], decision tree[74], and 

method like random forest.[75]While the application of data-driven 

modeling is vast, the approaches are generally developed for a specific 

equipment and a specific purpose, and they lack generalizability across the 

different equipment and across the sensors Production systems possess the 

complexity of changing machine states with time due to varied operational 

patterns, environmental conditions, as well as varied system configurations. 

To address generalization across such patterns, deep learning has seen 

significant success in detecting health states. [76], [77], [78] have 

summarized and discussed various deep learning techniques that can be 

used to detect the health states of the various rotating equipment, such as 

gearboxes, bearings, and pumps. Generative Adversarial Neural Networks 

[79] can learn the behavior of the system and identify deviations from the 

learned behavior to be used for the prognostic and health management of 

the equipment. For rotatory components that play a vital role in various 

engineering domains, [80] proposed a convolutional neural network for 

intelligent diagnosis of health states. Zhu et al. [81] discussed the health and 

operational states, focused on conditional monitoring, and anomaly 

detection of wind turbines using long short-term memory-fuzzy synthesis 

(LSTM-FS). Advanced machine learning techniques, such as Generative 

Adversarial Networks (GANs), Long Short-Term Memory-Fuzzy Synthesis 

(LSTM-FS), GAN-based Autoencoders (GAN-AE), and traditional 
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Autoencoders, are widely used for learning and modeling complex data 

behaviours. These methods excel at automatically extracting meaningful 

features, identifying intricate patterns, and capturing underlying data 

distributions. The architecture of GANs is inefficient in handling anomaly 

and change detection scenarios due to problems such as: Mode collapse, 

Vanishing gradients, Training instability, and lack of robustness. 

Autoencoders (AEs) are among the most widely used unsupervised learning 

techniques due to their ability to learn meaningful data representations and 

perform dimensionality reduction. As a fundamental building block in deep 

learning, AEs can be stacked hierarchically to create deep models, enabling 

the extraction of high-level, non-linear features while efficiently organizing 

and compressing data [82]. Autoencoders are especially useful for tasks like 

anomaly detection, predictive modeling, and state recognition across 

various domains. 

2.4 Domain Adaptation Techniques 

  In complex manufacturing systems, shifts in the domain and data 

distribution can occur due to changes in operating conditions, equipment, 

or sensor locations. To further minimize the impact of the shift in the 

domain or data distribution due to changes in operating conditions, 

equipment, or sensor locations, domain adaptation techniques can be 

applied to align the feature distribution between the source and target 

domains [83],[84]. Domain adaptation is a subsection of transfer learning 

that seeks to overcome domain differences for algorithms to increase 

generalizability by learning domain-invariant characteristics. It solves the 

domain shift problem by determining a mapping from the source 

distribution to the target distribution.  According to [85], the domain 

adaptation or knowledge transfer in health states diagnosis of a rotating 

machinery is divided into four categories: domain adaptation across 

working conditions, across locations, across machines, and across fault 

types. Pandhare et al. [86] proposes a domain adaptation technique for the 
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knowledge transfer between the sensor locations for monitoring ball screws. 

Xing et al. [87] show a distribution-invariant Deep Belief Network 

(DIDBN) across working conditions of machines for the diagnosis of health 

states. The most widely used approach to tackle the challenges of domain 

shift is the distribution alignment approach by matching statistics. This 

includes adaptive batch normalization and automatic domain alignment 

layers using the statistics of source and target batches at different layers to 

align the two distributions [88][89]. In the literature review, we have 

explained various domain adaptation techniques like divergence-based 

criterion, Wasserstein Discrepancy [90],[91], adversarial domain adaptation 

[92],[93]. The existing domain adaptation approaches are broadly 

categorized into methods with shallow and deep architectures. Shallow 

domain adaptation approaches[94][95], mainly utilize instance-based and 

feature-based techniques to align the domain distributions. One way of 

aligning the distributions is by minimizing the distance between domains, 

including methods such as Wasserstein metric, correlation alignment 

(CORAL)[96], Kullback-Leibler (KL) divergence[97], and contrastive 

domain discrepancy (CDD)[98]. The most widely used distance measure in 

domain adaptation is maximum mean discrepancy (MMD)[99]. The use of 

the MMD method for domain adaptation to align the domain shift has been 

widely discussed in [7], [30], [32], [86], [100]. In complex manufacturing 

systems, a large number of sensors continuously generate complex data, 

process parameters, and quality metrics. Principal Component Analysis 

(PCA) plays a crucial role in simplifying this data by reducing its 

dimensionality while preserving essential information. By eliminating 

redundant and correlated features. PCA is a multivariate technique that 

analyses data to extract important information. Its goal is to represent this 

information as a set of new orthogonal variables known as principal 

components. Additionally, PCA helps to display the patterns of similarity 

among the observations and variables. The effectiveness of multivariate 

analysis in detecting anomalies has been acknowledged in various fields, 
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including industrial monitoring [97],[98],[99],[100]. Although significant 

research has been conducted in generalization, the development efforts have 

focused on a top-down approach where, once again, the challenge comes 

from an application for generalization across specific types of sensors and 

equipment for their health states. This top-down approach limits the 

evolution of the digital twin across all dimensions and prevents its existence 

as a complex, cognitive, and self-aware entity by itself. This is primarily 

because when the approach is focused on an application, the possible states 

that can be witnessed by the physical system are pre-calculated, and the 

model is developed with limited scope. However, in real-life applications, 

the number of states a system can witness is significantly more. Thus, a 

scalable method for creating stimulus-aware digital twins is missing. 

2.5 Research Gaps 

i. First and foremost, most of the work looks at isolated optimization 

of entities instead of integrated optimization, for example, between 

production schedule optimization and fault detection. The reason is 

a lack of focus on work that integrates the aspects of generalized 

state detection and state sustenance that form the fundamental 

requirement for realistic and robust prediction and simulation 

through the digital twin for enhanced decision-making.  

ii. Production systems are often categorized as up/healthy (fully 

operational) or down/faulty (non-operational), overlooking 

situations where systems may exist in multiple other states that are 

critical to efficient planning of time, money, and resources. The 

existing literature does not sufficiently cover the detection of these 

transitional operational states. 

iii. There is a lack of a generalized or scalable methodology for state 

detection in the digital twin during its operational life cycle. Most of 

the focus has been on developing methodologies for state detection 

for specific equipment and for specific use cases. Research is needed 
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to bridge the gap in algorithm generalizability across multiple 

datasets of multiple signal or equipment types. 

iv. The existing methods for change detection or monitoring consider 

specific data from selected healthy states/faulty states for model 

training. However, in real life, the state/data available for training 

may vary significantly as the model is deployed across equipment 

or use cases. Thus, there has been limited research focused on 

evaluating the developed model across the various possible training 

states/data.  

2.6 Research Objectives  

I. Design and development of a scalable algorithm to 

autonomously detect changes in a digital twin’s state. 

II. Creation of new datasets for the development and validation of 

the algorithm, with two additional public datasets used to 

benchmark the performance of the proposed method. 
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Chapter 3 Proposed four-phase learning framework 

3.1 Proposed Methodology  

Let 𝑆𝑖 denote the physical state of the equipment. It can be represented 

by 𝑆𝑖: {𝑃1
1, … ,… , 𝑃𝑝

𝑙𝑝}
 

 
where 𝑃𝑝

𝑙𝑝 represents the trigger/factor 𝑝 at level 𝑙𝑝 

due to which a change in the physical state of the equipment occurs, and 𝑖 

ranges from 1 to 𝑛. This means, based on the combinations of  𝑝 and 𝑙𝑝, 

there can be 𝑛 possible states of the equipment. For example, for equipment 

like a spindle, let factors like load, rotational speed, and health be the 

identified factors causing a change of states. For the load factor (𝑝 = 1), let 

the identified levels be 2kw, 4kw, 5kw, 10kw, thus 𝑙1 = 4. For the factor of 

rotation speed (𝑝 = 2), if there are two levels identified in which the 

equipment has operated, for example, 200 RPM and 600 RPM, 𝑙 = 2. 

Similarly, if the equipment has experienced two health (𝑝 = 3) modes so 

far, 𝑙3 = 2. Thus, for three factors with three, two, and two levels each, the 

number of states becomes, 𝑛 = 12. Let samples in each state be represented 

by 𝑆𝑖 =  {𝑠𝑖𝑗 }𝑗=1
𝑗=𝑚𝑖 were 𝑚𝑖 represents the number of samples in 𝑆𝑖. 

When an equipment initiates operation in a production facility, the initial 

physical state of the machine can be utilized for model training. The 

objective is to enable the stimulus-aware capability for the equipment’s 

digital twin that can commence learning from the outset of utilization. As 

 
Figure 4 Overview of proposed four-stage learning framework 
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in real-life complex production systems, the availability of labeled data is 

generally very limited, and an unsupervised learning approach is used as the 

foundation for model development. Samples are used from continuous 

observation in the physical space in a four-phased learning framework. 

These phases are defined as follows: training, expert validation, adaptation, 

and deployment, as shown in Figure 4. In the first phase, a two-stage model 

that includes pattern recognition and change detection model is trained 

using the first state that occurs. In the second phase, the model is used for 

detection under expert validation. As a new state is detected and validated 

by the expert user, it is used as the target state for domain adaptation in 

phase 3. The adapted model is then deployed in phase 4. Figure 4 further 

gives an overview of the developed framework to detect changes in the 

physical state and update the digital state in the digital twin. A detailed 

discussion of each of the four phases of the framework is provided below.  

3.1.1 Training Phase 

In the proposed framework, an unsupervised 1D Convolutional 

Autoencoder with PCA-T2 is used in the training phase for pattern learning 

and change detection. Autoencoders are unsupervised feed-forward neural 

networks that contain an input layer, multiple hidden layers, and an output 

layer. An autoencoder consists of two modules: an encoder and a decoder. 

 
Figure 5 Detailed representation of the proposed four-phase learning framework for 

scalable state detection 
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In this study, the autoencoder is represented by 𝑓𝑎𝑒 and the other two 

modules, the encoder, and decoder, are represented by 𝑓𝑒𝑛 and 

𝑓𝑑𝑒 respectively. The state used for the training of the model is represented 

by 𝑆𝑎 and the state used for testing the model is represented by 𝑆𝑏. Figure 5 

shows the schematic of the proposed training pipeline. The sample 𝑠𝑎𝑗 of 

the train state 𝑆𝑎 is passed through 𝑓𝑒𝑛 that encodes the sample into a lower 

dimensional latent representation or embedding represented by   𝑎𝑗 =

 𝑓𝑒𝑛(𝑠𝑎𝑗). 𝑓𝑑𝑒 reconstructs the latent representation to the reconstructed 

sample represented by  𝑠̂𝑎𝑗 =  𝑓𝑑𝑒 ( 𝑎𝑗). According to the literature, the 

equation for the loss function can be expressed as  

𝑓𝑑𝑒[∆ 𝑠𝑎𝑗, (𝑓𝑒𝑛(𝑠̂𝑎𝑗) ] where 𝑓 represents the encoder function while 𝑔 

represents the decoder function ∆    is the chosen metric distance. The 

purpose of the loss function to find the weights in the network that give you 

the smallest difference according to some metric ∆    between 𝑠𝑎𝑗 and 𝑠̂𝑎𝑗 

distance. The purpose of the loss function to find the weights in the network 

that give you the smallest difference according to some metric ∆    between 

𝑠𝑎𝑗 and 𝑠̂𝑎𝑗.Two loss functions are widely used for autoencoders: Mean 

Squared Error (MSE) and Binary Cross-Entropy (BCE). For this study MSE 

is used since the data was continuous and goal was to minimize the squared 

difference between the inputs and outputs. The loss function is represented 

by ∑𝑗
𝑚𝑎||𝑠𝑎𝑗 − 𝑠̂𝑎𝑗||  . Once the autoencoder model is trained, the training 

samples are again passed to the trained encoder to obtain the latent 

representation  𝑎𝑗. These representations are utilized to train a PCA-T2 

model for change detection. The training of the PCA-T2 model involves 

calculating the principal component directions in the feature space that 

captures the most variance. The PCA-T2 model is applied to the train state 

latent representation samples to reduce its dimensionality by retaining 95 

percent of the variance in the encoded data. A T2 statistic is then evaluated 

for trained samples. To classify the test state as a different state from the 

training state, a chi-square distribution is used, and a critical threshold value 
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is determined for a confidence level of 95 percent. After the model is 

trained, the expert validation phase follows. 

3.1.2 Expert validation Phase  

In this phase, a test state 𝑆𝑏 is passed through the trained encoder 

 𝑏𝑗 =  𝑓𝑒𝑛 𝑠𝑏𝑗  to obtain the latent representation of that state and these 

latent representations are passed to the trained PCA model. The PCA-T2 

model uses its principal components to project representations of the data 

and generate scores for each test sample. These scores indicate how much 

variation is explained by each principal component for a specific sample. 

The scores are then squared to calculate T2 values. These values show how 

much each test sample deviates from the training data distribution in the 

latent space. The accuracy is determined by finding the proportion of test 

 
Figure 6 Proposed Autoencoder network for domain 

adaptation 
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samples whose T2 values exceed the threshold calculated in the training 

phase. If the model detects a new state, it is then validated by the expert. 

This new state is used as the target state and is represented by 𝑆𝑖 =

 𝑆𝑐1, 𝑆𝑐2, 𝑆𝑐3 …   𝑆𝑐𝑛 and used for domain adaptation in the next phase. 

3.1.3 Adaptation Phase  

The purpose of the adaptation phase is to make use of the new 

information that is now available from the previous phase. This new data 

and its corresponding validated label are used to adapt the model for 

increased scalability. For performing domain adaptation, a custom loss 

function is defined that maximizes the discrepancy between the two states 

based on the learnt knowledge that they are different. The network 

architecture is shown in Figure 6. It comprises of two aspects: 1) 

reconstruction loss and 2) Maximum Mean Discrepancy (MMD) loss. The 

first element of loss represents the reconstruction loss given by:  𝑅𝐿 =

∑𝑗
𝑚𝑎||𝑠𝑎𝑗 − 𝑠̂𝑎𝑗||  .The symbol | |   indicates that the norm of a vector is 

simply the square root of the sum of the squares of the components. This 

loss function applies in nearly all scenarios, regardless of the output layer 

activation function choice or the method used for normalizing the input 

data. To find the minimum of 𝐿𝑀𝑆𝐸  for 𝑠𝑎𝑗 = 𝑠̂𝑎𝑗 the derivative of 𝐿𝑀𝑆𝐸  

with respect to a specific observation j is calculated. The minimum is  

found when the condition 𝜕𝐿𝑀𝑆𝐸
𝜕𝑠̂𝑎𝑗

= 0  is met for all 𝑗 = 1, . . ., 𝑚𝑎. Setting 

this derivative to zero that is  

 =   
𝜕𝐿𝑀𝑆𝐸

𝜕𝑠̂𝑎𝑗
=  −

2
𝑚𝑎

(𝑠𝑎𝑗 − 𝑠̂𝑎𝑗) = 0 

= (−  
𝑚𝑎

(𝑠𝑎𝑗 − 𝑠̂𝑎𝑗) = 0 

After solving the critical point is get: 

= 𝑠𝑎𝑗 = 𝑠̂𝑎𝑗 
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This result confirms that the loss function is minimized when the predicted 

value  𝑠̂𝑎𝑗 equals the actual value 𝑠𝑎𝑗, that means the model has learned to 

construct the input data. And to ensure that the critical point is minimum 

second derivative is calculated that is needed to show that 𝜕
2𝐿𝑀𝑆𝐸

𝜕𝑠̂𝑎𝑗
2   > 0. This 

is easily proved as we have 𝜕
2𝐿𝑀𝑆𝐸

𝜕𝑠̂𝑎𝑗
2    =  

𝑚𝑎
 that is greater than zero, therefore 

conforming that for 𝑠𝑎𝑗 = 𝑠̂𝑎𝑗 we indeed have a minimum of the loss 

function. The second element of loss represents MMD loss, calculated 

between the target states, 𝑆𝑐1 and the train state 𝑆𝑎. MMD is defined as the 

squared distance between the kernel embeddings of marginal distributions 

in the Reproducing Kernel Hilbert Space (RKHS), The RKHS is endowed 

with a characteristic kernel k that is defined as H. Formally, the MMD is 

defined as follows[#ref]: 𝑀𝑀𝐷𝑘( 𝑎𝑗,  𝑐1𝑗), is defined as an unbiased 

estimator of 𝑀𝑀𝐷𝑘( 𝑎𝑗,  𝑐1𝑗), which can be calculated as follows:    

𝑀𝑀𝐷𝑘( 𝑎𝑗,  𝑐1𝑗) = ||𝐸𝑎[∅( 𝑎𝑗)] − 𝐸𝑐1[∅( 𝑐1𝑗)]||𝐻𝑘
  

where Hk denotes the RKHS endowed with the characteristic kernel k 

mapping function φ(.). and 𝐸𝑐1 [.] is the expectation under the distribution 

𝑐1 and similarly 𝐸𝑎 [.] is the expectation under the distribution  𝑎. Z𝑐1𝑗 and  

Z𝑎𝑗 is the latent representation of target states 𝑆𝑐1 and 𝑆𝑎 respectively.  

=     
1

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)
  [ ∑ ∑ 𝑘( 𝑎𝑖,  𝑎𝑗)

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑗

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑗

+  ∑ ∑ 𝑘( 𝑐1𝑖,  𝑐1𝑗)

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑖

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑗

+  −2 ∑ ∑ 𝑘( 𝑎𝑖,  𝑐1𝑗)]  

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑖

𝑚𝑖𝑛(𝑚𝑎,𝑚𝑐1)  

𝑗

                                        

In this study on domain adaptation, the objective is to maximize the latent 

representation of two states so that the model can learn to distinguish 
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between the two distributions by increasing their discrepancy. To achieve 

this, the Maximum Mean Discrepancy (MMD) loss 𝑀𝑀𝐷𝑘( 𝑎𝑗,  𝑐1𝑗) , can 

be expressed with a negative sign as −𝑀𝑀𝐷𝑘( 𝑎𝑗,  𝑐1𝑗). The MMD loss 

calculated between the two latent representations is represented by −𝑀𝐿. 

The Total loss function during the domain adaptation is represented by 

𝑇𝐿 =   1 − 𝛼 𝑅𝐿 + 𝛼 −𝑀𝐿) which is minimized during the training loop. 

The penalty coefficients are represented by α, which plays a crucial role in 

the trade-off between MMD loss and reconstruction loss. Using the 

information learned from the previous phase about the two states being 

different from each other, the goal is to maximize the distribution 

discrepancy between the latent representation of these states. The addition 

of the MMD loss in the custom loss has improved the performance of the 

model. The penalty coefficient, represented by α, represents the trade-off 

between MMD loss and reconstruction loss. Using the information learned 

from the previous phase about the two states being different from each 

other, the goal is to maximize the distribution discrepancy between the 

latent representation of these states. A learning rate of 0.001 is utilized 

during training, the penalty coefficient is chosen as 0.2 and the stopping 

criteria for overall loss change in an epoch of less than 0.1 percent is used.   

3.1.4 Deployment Phase 

After performing domain adaptation, the adapted model is deployed. When 

a new state is encountered, the model detects the state and updates the 

digital system and continues this process throughout its operational life. The 

next section describes the various experiments performed against multiple 

cases and a description of the datasets used to validate the model's 

effectiveness and the practicality of the proposed approach. 
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Chapter 4 Gearbox Test Rig Setup for Data 

Acquisition 

4.1 Gearbox Test Rig Setup for Data Collection 

The concept of 'states' from a stimulus-aware perspective is relatively 

new, and there are not many datasets that offer sufficient production data in 

terms of signals needed to interpret the 'states' of a system. In complex 

production systems, there are many critical components such as gears, 

spindles, and bearings. Most existing datasets collected from these 

components focus on fault detection and diagnosis or provide only basic 

labels for their operational states during production. Consequently, these 

datasets are often not very useful due to a lack of comprehensive signals.  

Thus, we have created a new dataset using the experimental gearbox test rig 

setup, where we conducted numerous experiments that replicate the real-

life operations of gearbox equipment. 

 

 
Figure 7 Experimental Gearbox Test Rig Setup 

 

 
 



34 
 

The experimental gearbox test rig was specifically developed to study 

vibration characteristics of different operating states in gear transmission 

systems. Gears are critical components in industrial machinery such as wind 

turbines, automobiles, and manufacturing equipment, where their failure 

can result in significant operational losses. To replicate real-world 

conditions, the gearbox test rig was designed to closely simulate the 

operating parameters typically observed in gearboxes, as illustrated in 

Figure 7. The primary objective of this experimental setup is to facilitate 

condition monitoring and system behavior analysis under varying 

operational conditions. The test rig supports load variation experiments, 

allowing us to understand the influence of loading conditions on equipment 

health conditions, and speed variation studies to examine how dynamic 

responses change with different operating speeds.  

The operational procedures of the various components of the test rig are 

explained in detail below. 

4.2 Working Procedure of the Gearbox Test Rig Setup 

4.2.1 Drive System 

The drive system of the gear test rig is designed to supply the necessary 

mechanical input power to the gearbox under test. In our experimental 

setup, a 22 kW AC induction motor serves as the primary driving unit, 

shown in Figure 8. The specifications of the motor are shown in Table 1. 
 

Table 1 AC Motor Specification 

AC MOTOR SPECIFICATION 
Brand Name ABB 

Voltage 415 V 
Frequency 50 Hz 

Speed 2932 rpm 
Power (in kW) 22 
Power (in hp) 30 

Weight 152 kg 
 



35 
 

This motor provides sufficient torque and speed range required to operate 

 
Figure 8 AC Motor Drive 

 

 
 

 
Figure 9 Variable Frequency Drive 
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the test gears under various conditions. To enable flexible and precise 

control over the motor's operation, it is integrated with a Variable Frequency 

Drive (VFD) as shown in Figure 9, allowing continuous adjustment of 

motor speed across a broad range. This configuration makes it possible to 

replicate different real-world operating conditions, including low-speed, 

high-torque, and high-speed, low-torque scenarios. The AC motor is 

connected to the test gearbox through a suitable coupling mechanism, 

ensuring efficient transmission of power with minimal mechanical losses 

and proper alignment between the driving and driven shafts. The use of an 

AC motor combined with VFD control offers stable, repeatable, and highly 

adjustable driving conditions, which are crucial for conducting systematic 

experimental studies.  

4.2.2 Variable Load Control System  

The load system plays a crucial role in applying a controlled 

resisting torque to the gearbox output shaft, thereby simulating the 

operational loads typically encountered during normal gearbox operation. 

To achieve this, a DC shunt motor is utilized as the load device, the 

specifications shown in Table 2. The DC motor operates in generator mode, 

opposing the motion imparted by the drive system and generating a resistive 

load on the gearbox. The variable loads are applied through the resistive 

load bank, as illustrated in Figure A. By adjusting the field current and the 

load resistance connected to the motor, the resisting torque can be precisely 

controlled, enabling the simulation of a wide range of loading conditions, 

 
Table 2 DC Motor Specification 

DC MOTOR SPECIFICATION 
Brand Name Crompton Greaves 

Armature Voltage 440 V 
Field Voltage 220 V 

Speed 1500 rpm 
Power 22 .5 kW 
Weight 170 kg 
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from light loads to heavy loads and even overload scenarios. This precise 

control over the load allows for the study of gearbox performance not only 

under steady-state conditions but also under varying and transient loading 

conditions. The smooth and accurate variation of the load provided by the 

DC motor setup is particularly advantageous for investigating the behavior 

of the gearbox in conditions that closely resemble real-world applications, 

such as sudden load changes, fluctuating torque demands, and endurance 

testing. This capability ensures that the gearbox's performance can be 

thoroughly evaluated across a variety of operational scenarios, providing 

Table 3 Specification of Gears 
Gears G1 G2 G3 G4 
PCD 92.1 121.06 121.06 161.05 

Tooth Thickness 4.26 4.5 4.5 4.5 
Face Width 40.5 39.9 40.5 40.5 

Pressure Angle  20 Degree 
Module  2 

 

 
Figure A Variable Load Cell 
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valuable insights into its durability and reliability under different operating 

conditions. 

4.2.3 Description of Gearbox Dimensions  

The test rig utilizes a two-stage gearbox, which consists of a total of 

four spur gears. Data can be collected from the gearbox based on the health 

condition of these gears. A specific test gear, located close to the sensors, 

can be selected to ensure a strong signal from the gearbox. The data can be 

gathered under various operating conditions, such as resistive loads 

provided by a resistive load bank and different operating speeds that can be 

adjusted using a variable frequency drive (VFD). The healthy gears can 

operate until failure, during which vibration signatures can be recorded 

through sensors. Additionally, artificial faults can be induced for various 

research purposes. The types of artificial faults added will depend on the 

specific research objectives. The specifications of the gears used in the 

system are summarized in Table 3. All gears have an involute gear profile 

with a module of 2 mm and a pressure angle of 20 degrees. The system 

incorporates a 2-stage reduction. The individual gear parameters, including 

pitch circle diameter (PCD), tooth thickness, and face width, are listed for 

Gears G1, G2, G3, and G4 in Table 3. 

4.2.4 Sensors used for data collection  

To simulate the behavior of complex manufacturing systems and 

enable realistic data collection, the gearbox test rig was equipped with 

multiple types of sensors. In industrial settings, machines typically rely on 

a variety of sensors to monitor different physical parameters such as 

vibration, acoustic emissions, torque, and displacement. To replicate this 

real-life configuration, the experimental setup included a diverse set of 

sensors, each selected for its ability to capture specific operational 

characteristics. These sensors are shown in Figure 7  are as follows: 
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1. Kistler Triaxial IEPE Accelerometer (B & K 4534 B): This sensor 

is used to capture triaxial vibration data from the system. It operates 

over a wide frequency range of 0.2 to 12,800 Hz and has a sensitivity 

of 1 mV/ms². Its triaxial measurement capability is essential for 

understanding complex vibration patterns in rotating machinery, 

making it ideal for fault detection and condition monitoring. 

2. Kistler Piezotron Acoustic Emission Sensor (8152 C1): to detect 

high-frequency acoustic emissions resulting from material stress, 

friction, or crack formation, this sensor operates in the 100 to 900 

kHz range (±10 dB). With a sensitivity of 48 dB referenced to 1 

V/(m/s), it is highly effective in capturing transient acoustic signals 

that are often early indicators of mechanical faults. 

3. Kistler Shaft Torque Sensor (4520A500): This torque sensor 

measures the dynamic load on the rotating shaft, with a measuring 

range of 1 to 1000 Nm and a frequency response from 1 to 5 kHz 

(±3 dB). It is vital for evaluating power transmission efficiency and 

detecting torque fluctuations due to misalignment, load changes, or 

mechanical wear. 

4. Bentley Nevada Proximity Sensor (3300 XL 5/8 mm): This 

proximity sensor provides non-contact displacement measurements 

of the shaft, operating in the 0 to 6.5 kHz frequency range. It features 

a supply sensitivity of less than 2 mV change in output voltage per 

volt change in input voltage, enabling precise monitoring of shaft 

position, imbalance, and runout in real-time. 

In this chapter, we have discussed the complete experimental gearbox setup 

from which we have created the new dataset by conducting numerous 

experiments that replicate real-life operations of equipment. The created 

datasets address data gaps in complex manufacturing systems by providing 

rich signals that represent production states. Most existing datasets focus on 

fault detection or offer only basic state labels, limiting their usefulness.  
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Additionally, after a significant search, we arrived at the most relevant real-

life datasets that could be used to showcase the benefit of the proposed 

approach as well as validate it. Two such real-life public datasets have been 

chosen that span different equipment, data types, data collection 

frequencies, fault patterns, etc. The description of the datasets are presented 

in the next section. 
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Chapter 5 Dataset Description and Validation 

Methodology 

5.1 Dataset Description 

In production economics, data is crucial for monitoring and detecting 

operating states. These data are collected in various forms, including 

numerical data such as torque, vibration, and pressure, which are gathered 

from sensors embedded in machinery to detect faults and abnormalities. 

Textual data, like machine logs and maintenance reports, provides insights 

into historical performance and supports predictive maintenance. When 

sensor installation is challenging, visual data [105] Cameras and vision 

systems help monitor machinery through images or video, assisting in 

quality control and defect detection. These data sources, including IoT 

sensors, PLCs, SCADA systems, wearables, and ERP/MES systems, work 

together to provide real-time insights, improve decision-making, and 

enhance operational efficiency in manufacturing environments. In this 

study, the proposed model specifically processes numerical data. The 

proposed method is validated across three real-life datasets representing a 

variation in equipment, signals, and fault modes. The descriptions of the 

datasets used are shown in Table 4. Dataset I is a newly created real-life 

dataset developed by the authors in the Smart Manufacturing Lab using an 

experimental test rig. While Datasets II and III are publicly available 

benchmark datasets. The description of these datasets used are shown in 

Table 4 Datasets Used for the validation 

Dataset Equipment Description Observation Signal 
Fault 

Present 

I Two-stage Gearbox with spur gears and no faults Torque No 

II Deep Groove Ball Bearing with multiple operations 

and multiple faults 

Accelerometer Yes 

III Axial Ball Bearing with multiple fault operations 

and multiple  

faults 

Accelerometer Yes 
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Table 4. Dataset 1 contains only healthy operating states and serves as a 

baseline for normal condition monitoring. Dataset 2 is the publicly available 

Case Western Reserve University (CWRU) bearing dataset, which includes 

both healthy and faulty states. The monitored failure modes in this dataset 

include ball faults and inner race faults, captured under various operating 

conditions, providing diverse fault scenarios for validation. Dataset 3 is a 

bearing degradation dataset in which faults evolve progressively over time, 

enabling the approach to be tested in a realistic scenario where fault severity 

increases gradually, reflecting the typical degradation process in industrial 

equipment. 

5.1.1 Dataset I 

A new experimental two-stage gearbox test bed with spur gears is 

designed to validate the proposed method. Figure 10 shows the designed 

test bed, which comprises an AC motor (22 kW) connected to the gearbox 

for driving the gearbox, a lubricating pump (3 horsepower) used for 

circulating oil inside the gearbox, and a DC motor (22.5 kW) used to apply 

a resistive load to the gearbox shaft. A frequency drive and a variable 

resistive load bank are used to provide variable operating settings for the 

gearbox. A Kistler shaft torque sensor is connected to measure the resisting 

torque under different operating conditions. The sensor (4520A500) has a 

measuring range of 1-1000 mm and a sensitivity of ±3 dB (1-5 kHz). The 

Table 5 Dataset I State Description 
State (𝑆𝑖) Load (𝑝1  RPM  𝑝   Condition  𝑝3  

S1 𝑃1
1 = 2kW 𝑃 

1 = 300 RPM 𝑃3
1 = Healthy 

S2 𝑃1
1 𝑃 

  = 600 RPM 𝑃3
1 

S3 𝑃1
1 𝑃 

3 = 900 RPM 𝑃3
1 

S4 𝑃1
  = 4kW 𝑃 

1 𝑃3
1 

S5 𝑃1
  𝑃 

  𝑃3
1 

S6 𝑃1
  𝑃 

3 𝑃3
1 

S7 𝑃1
3 = 6kW 𝑃 

1 𝑃3
1 

S8 𝑃1
3 𝑃 

  𝑃3
1 

S9 𝑃1
3 𝑃 

3 𝑃3
1 
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sensors are connected to a National Instruments DAQ system that converts 

the analog signal to a digital signal. Data is collected from nine experiments 

at varying loads and RPM when all the spur gears are in healthy condition, 

with a sampling rate of 14 kHz. The setup is shown in Figure 11. The data 

collected was stored in MATLAB’s .mat file format, enabling seamless 

integration with MATLAB for further processing. The details of the 

Table 6 State description for dataset II 
State 

(𝑆𝑖) 
Load (𝑝1  RPM  𝑝   Fault and size 𝑝3  

S1 𝑃1
1 = 3kW 𝑃 

1 = 1730 RPM 𝑃3
1 = Healthy 

S2 
𝑃1

  = 2 

kW 
𝑃 

  = 1750 RPM 𝑃3
1 

S3 
𝑃1

3 = 1 

kW 
𝑃 

3 = 1772 RPM 𝑃3
1 

S4 𝑃1
1 𝑃 

1 𝑃3
  = Ball Fault (0.007 in) 

S5 𝑃1
  𝑃 

  𝑃3
  

S6 𝑃1
3 𝑃 

3 𝑃3
  

S7 𝑃1
1 𝑃 

1 
𝑃3

3 = Inner Fault (0.007 

in) 

S8 𝑃1
4 𝑃 

4 𝑃3
3 

S9 𝑃1
3 𝑃 

3 𝑃3
3 

 

 
Figure 10 Experimental gearbox test rig setup for a dataset I 

  

        
Figure 11 Data collection setup 
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collected data are provided in Table 5. The torque signal is used as 

an observation signal for model validation.  

5.1.2 Dataset II 

Dataset II is a rolling bearing dataset provided by the Bearing Data 

Center of Case Western Reserve University [106]. The dataset is made up 

of multi-variate vibration signals generated by a bearing test rig, as shown 

in Figure 12. The experimental setup is made up of three primary 

components: a 2-horsepower (hp) motor, a torque transducer/encoder, and 

a dynamometer. The motor shaft is supported by JEM SKF 6205-2RS 

bearings. Accelerometers capture bearing data under four load 

circumstances (0, 1, 2, and 3 hp) at a sample rate of 12 kHz. Depending on 

the load, the motor rotates at speeds ranging from 1730 to 1797 rpm. The 

vibration data was collected from the drive end of the motor under different 

health conditions: normal (H), outer race fault (OF), inner race fault (IF), 

and ball fault (BF). Electro-discharge machining is used to generate three 

types of defects with widths of 7 mils, 14 mils, and 21 mils, where 1 mil = 

0.001 inch. To validate the concept, this study examined nine different 

bearing conditions or states. The dataset includes three parameters: Load, 

 
Figure 12  Experimental Setup for Dataset II 
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RPM, and Fault, which determine the state of the equipment, as shown in 

Table 6 

5.1.3 Dataset III 

This axial bearing dataset includes time-series vibration 

measurements [107]. An experimental test setup [108] based on the FALEX 

multi-specimen test bench and data acquisition system, comprising an 

accelerometer (model PCB 356A32), an axial loading mechanism (up to 8.8 

kN), and a closed control for the bearing spindle is used. The data is based 

Table 7 State description for Dataset III 
State (𝑆𝑖) Load (𝑝1  RPM  𝑝   Fault 𝑝3  

S1 𝑃1
1 = 5kW 𝑃 

1 = 60 RPM 𝑃3
1 

S2 𝑃1
1 𝑃 

  = 500 RPM 𝑃3
1 

S3 𝑃1
  = 8.8kW 𝑃 

  𝑃3
1 

S4 𝑃1
  𝑃 

  𝑃3
  = Inner Fault (1mm) 

S5 𝑃1
1 𝑃 

  𝑃3
  

S6 𝑃1
1 𝑃 

1 𝑃3
3 = Inner Fault (2.1mm) 

S7 𝑃1
1 𝑃 

1 𝑃3
4 = Inner Fault (3.8mm) 

S8 𝑃1
1 𝑃 

  𝑃3
4 

S9 𝑃1
  𝑃 

  𝑃3
4 

 

 
Figure 13 Experimental Setup for the dataset III 
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on a common aerospace bearing model FAG QJ212TVP. The bearing under 

test was mounted vertically on the test bench, with a vertical axial load 

applied to the inner race to match heavy loading at low-speed actuation 

circumstances in aerospace and energy systems. The fault type is a fatigue 

spall on the inner race (IF) or outer race (OF). These faults were created by 

spark-erosion machining. The bearing test rig is shown in Figure 13 with 

three accelerometers, where a model PCB 356A32 was used to measure the 

triaxial vibration signal with a sampling rate of 25.6 kHz. Vibration 

measurement along the x-axis is used in this study. Table 7 provides an 

overview of the nine states considered for validation, with each state 

representing a specific operational or fault scenario within the bearing 

system.  

5.2 Validation Methodology 

In a complex production system, such as the production systems described 

before, a change in state can arise from various factors, including operating 

parameters, environmental factors, equipment health, etc. To evaluate the 

model's performance, multiple cases are designed as described in Table 8 

for dataset I. While the proposed framework includes a training phase first 

and then a model adaptation phase, the final model to be deployed results 

from the model adaptation phase itself. This model adaptation phase 

includes three major elements the state used for representation learning, the 

state used for modeling change detection, and the state used for domain 

adaptation. Since the proposed method aims to develop the stimulus-aware 

digital twin at the beginning of the equipment operation, two important 

factors need to be considered during validation: 1) minimal data availability 

for training and 2) the possibility of occurrence of any operating state for 

Table 8 Experiments for validation of an algorithm 

Dataset Case No.  𝑓𝑎𝑒 Trained PCA 
Trained 

Domain 
Adaptation 

No. of 
Target State 

No of 
Subcases 

I 

1 Train State Train State No 0 4 
2 

(Proposed) Train State Train State Yes 1 12 

3 Train State Target State Yes 1 12 
4 Train State Train State Yes 2 12 
5 Train State Target State Yes 2 24 
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training. Given this context, for the validation design methodology shown 

in Table 8, the third and fourth column represent the possible states in which 

the autoencoder and PCA-T2 models can be trained, with varying choices 

from available states. Further, the fifth column considers the possibility of 

having a different number of target states for model adaptation. This 

includes no domain adaptation, domain adaptation with one state, and 

domain adaptation with two states to explore the impact of using multiple 

states to improve generalizability. Each of the states is represented by 181 

samples, with each sample having (12000, 1), were used to train the 

autoencoder. The encoder compresses these signals into a lower-

dimensional representation of shape (128). These are the encodings 

generated by the encoder model. These encodings serve as the input to the 

PCA model. PCA was trained on this 2D array of encoded vectors, and 

Hotelling's T² statistics were computed to capture variations in the data. For 

PCA, the number of principal components was chosen to retain 95% of the 

total variance. In Table 8, case 1 assumes the availability of only one state 

for the entire model training with no domain adaptation. Cases 2 and 3 

assume the availability of two states – the train and target states. Case 2 is 

the proposed method and is highlighted in bold throughout the validation 

study. Case 3 explores the use of the target state for training the state change 

detection model PCA-T2. Cases 4 and 5 are similar to cases 2 and 3, 

considering domain adaptation with two target states. For these two cases, 

the loss function is modified to include the contribution of two more MMD 

loss elements from the adaptation between the training and two target states. 

The loss function is given by  𝑇𝐿 =   1 − 𝛼 𝑅𝐿 − 𝛼 𝑀𝐿 + 𝑀𝐿1 + 𝑀𝐿2).  To 

incorporate the possibility of occurrence of any operating state for the train 

and target state, a sampling method is used, followed by statistical 

hypothesis testing. Since it is difficult to examine the model's performance 

with each possible state in each case, states are sampled from the dataset to 

form subcases. The number of subcases for each case is given in the last 

column of Table 8. These subcases explore the model's ability to detect a 
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state change regardless of the state(s) used for modeling. The performance 

of each subcase is evaluated by calculating the state change detection 

accuracy over the dataset on the test states given in the subcase. As this is a 

sampled approach, each subcases and cases are hypothesized and evaluated 

for the presence of a statistical difference in the performance metric using 

t-test. The results and detailed comparison are discussed in the next chapter.  
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Chapter 6 Results and Discussion 

6.1 Analysis of Case 1 for Dataset I  

Case 1 represents the case when an autoencoder and PCA model are 

trained on the same state, and no target state is available/used for model 

adaptation. Three parameters (load, RPM, health condition) are considered 

to reflect changes in the equipment's state in dataset I. Table 9 presents the 

accuracy of the model in distinguishing across different states without 

domain adaptation. For this case, out of the nine possible states for training 

Table 9, only four states (S1, S4, S6, S8) are sampled for performance 

evaluation, forming four subcases. The autoencoder and the PCA −T  

model is trained on the same state in each subcase. The second column of 

Table 9 lists these subcases under case 1, while the third and fourth columns 

represent the state used for modeling. The fifth column of Table 9 represents 

the model's accuracy in detecting the specified test state. The last column of 

Table 9 shows the average accuracy for each subcase across all test states. 

It is important to note that while only one state is considered for training, 

all other states are used for testing. For example, for subcase 1.1, the 𝑓𝑎𝑒 is 

trained on S1, and all states are passed to the encoder module of the trained 

𝑓𝑎𝑒 to generate the latent representation. These latent representations are 

passed to the PCA model trained on the same state, S1. The PCA transforms 

the latent representation of each state into a lower dimension. The top 

principal component for each state for the given samples is shown in Figure 

14. From the perspective of state change detection, the figure illustrates that 

some encodings exhibit separation, indicating that the model has effectively 

learned the features necessary to differentiate between the states. However, 

some state encodings are overlapping, suggesting that the model may face 

difficulties in differentiating these states. The metric of detection accuracy 

is used to validate the model performance. In another example, for case 1.2, 

the 𝑓𝑎𝑒 and PCA-T2 are trained on S4, and the accuracy is then calculated 

across all the remaining states that can occur in the deployment phase. The 
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achieved accuracy for detecting S9 in subcase 1.2 is 0.768, which means the 

model in subcase 1.2 can detect state S9 with a 76.8 % accuracy. Thus, for 

case 1.2, the average accuracy with which the model can detect all states is 

77.9%, as given in the last column. Two important observations can be 

made here: 1) the difference in the detection performance across test states 

for a given training state, and 2) the difference in the detection performance 

of the test states across training states. This shows that the choice of data 

available for training has an impact on the model’s performance in a real-

life environment while creating stimulus-aware digital twins. Thus, an 

average accuracy across test states is calculated as shown in Table 9, and 

the achieved mean and standard deviation of the average accuracy are 

reported for all subcases of case 1. 

6.2 Overall Results for Dataset I 

6.2.1 Accuracy results for Dataset I 

       Table 10 presents the overall results for dataset I, which 

comprises all 64 subcases for all cases repeated 5 times each. The first 

column represents the case, the second column provides information about 

the subcases for the specific case. The third and fourth columns show the 

state on which the autoencoder and the PCA-T2 model are trained, 

respectively. The fifth and sixth columns represent the target states 

available for domain adaptation. The next five columns show that each 

subcase is repeated five times to calculate the mean accuracy, as explained 

 
Figure 14 Encoding representation of each state from the dataset I 

 

 

 



51 
 

in Table 9. This repetition helps evaluate the model's stability and 

consistency in accurately detecting states. The second last column of the 

table displays the average accuracy of five repeated evaluations for each 

subcase. The table's last column shows the model's overall mean accuracy 

for each case.  

As it can be observed from Table 8, the number of subcases has increased 

for case 2 as compared to case 1, as multiple combinations of train and target 

state are possible. Keeping the same sampled states for case 2 as for case 1, 

i.e., S1, S4, S6, S8, the number of subcases considered is 12. Similar sampling 

and combination patterns are followed for cases 3, 4, and 5, resulting in the 

number of subcases as 12, 12, and 24, respectively. Similar to the 

observations from Table 9, the achieved performance of a model is 

dependent on the choice of training states. While the variation across trials 

is comparatively lesser, the variation across subcases is much higher. This 

further highlights the dependency of the model's performance on the state 

used for modeling and the configuration.  

The overall mean accuracy for case 1 in dataset I, where no target state is 

used for domain adaptation and both models are trained on the same state, 

is 85%. In the proposed case 2, the observed state serves as the target state 

for domain adaptation, resulting in a considerable improvement in the 

Table 9 Results for Dataset I Case 1: No Domain Adaptation 
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Test State  

Average 
accuracy S1 S2 S3 S4 S5 S6 S7 S8 S9 

1 

1.1 S1 S1 - 0.215 0.95 0.84 1 1 1 1 1 0.876 

1.2 S4 S4 1 1 1 - 0.204 0.724 1 0.525 0.768 0.779 
1.3 S6 S6 1 1 1 1 0.11 - 1 1 1 0.873 
1.4 S8 S8 1 1 1 1 1 1 0.61 - 0.32 0.866 

 Mean 0.849 
 St. Dev. 0.078 
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model's performance over case 1. In this proposed case, the autoencoder and 

PCA-T2 models are trained using the same state and adapted to a different 

state, resulting in an overall mean accuracy increase to 98.6%. In case 3, 

where the PCA-T2 model is trained on the target state instead of the train 

state, the overall mean accuracy is 97.9%, almost similar to Case 2. Case 4 

involves using two target states for multi-state domain adaptation. For this 

case, the PCA-T2 model is trained on the same state at which the 

autoencoder model is trained. The overall mean accuracy of the model in 

this case is 98.4%, which is similar to the single-state domain adaptation. 

Case 5 is also a multi-state domain adaptation, but the PCA-T2 model is 

trained on the target state instead of the train state, and for this case, the 

overall accuracy is 98.7%.  

Table 10 represents the overall results for the datasets I 
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1 

1.1 S1 S1 - - 0.874 0.876 0.876 0.881 0.883 0.874 

0.850 
1.2 S4 S4 - - 0.778 0.773 0.785 0.778 0.773 0.773 
1.3 S6 S6 - - 0.889 0.887 0.887 0.887 0.885 0.887 
1.4 S8 S8 - - 0.866 0.867 0.864 0.864 0.865 0.867 

2 

2.1 S1 S1 S4 - 0.920 0.974 0.943 0.999 1.000 0.967 

0.986 

2.2 S1 S1 S6 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.3 S1 S1 S8 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.4 S4 S4 S1 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.5 S4 S4 S6 - 1.000 1.000 1.000 0.929 1.000 0.986 
2.6 S4 S4 S8 - 0.929 0.912 0.931 0.903 0.921 0.919 
2.7 S6 S6 S1 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.8 S6 S6 S4 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.9 S6 S6 S8 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.10 S8 S8 S1 - 0.949 0.972 0.952 0.952 1.000 0.965 
2.11 S8 S8 S4 - 1.000 1.000 0.973 1.000 1.000 0.995 
2.12 S8 S8 S6 - 1.000 1.000 1.000 1.000 1.000 1.000 

3 

3.1 S1 S4 S4 - 1.000 1.000 1.000 1.000 1.000 1.000 

0.979 

3.2 S1 S6 S6 - 1.000 1.000 1.000 1.000 1.000 1.000 
3.3 S1 S8 S8 - 1.000 1.000 1.000 1.000 1.000 1.000 
3.4 S4 S1 S1 - 1.000 1.000 1.000 1.000 1.000 1.000 
3.5 S4 S6 S6 - 1.000 1.000 1.000 1.000 1.000 1.000 
3.6 S4 S8 S8 - 1.000 1.000 0.997 1.000 1.000 0.999 
3.7 S6 S1 S1 - 0.984 0.909 0.948 0.972 0.845 0.932 
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3.8 S6 S4 S4 - 0.810 1.000 1.000 0.954 0.880 0.929 
3.9 S6 S8 S8 - 0.927 1.000 1.000 0.854 1.000 0.956 
3.10 S8 S1 S1 - 0.920 0.981 0.919 0.919 1.000 0.948 
3.11 S8 S4 S4 - 1.000 1.000 1.000 1.000 1.000 1.000 
3.12 S8 S6 S6 - 0.970 0.970 0.997 0.977 1.000 0.983 

4 

4.1 S1 S1 S4 S6 1.000 1.000 1.000 0.982 1.000 0.996 

0.984 

4.2 S1 S1 S4 S8 1.000 1.000 1.000 1.000 1.000 1.000 
4.3 S1 S1 S4 S8 1.000 0.882 0.952 1.000 0.972 0.961 
4.4 S4 S4 S1 S6 0.960 1.000 0.923 0.964 1.000 0.969 
4.5 S4 S4 S6 S8 0.964 1.000 0.923 0.964 1.000 0.970 
4.6 S4 S4 S1 S8 0.964 0.977 0.986 0.974 1.000 0.980 
4.7 S6 S6 S1 S4 0.940 1.000 0.920 1.000 0.980 0.968 
4.8 S6 S6 S4 S8 1.000 1.000 1.000 1.000 0.991 0.998 
4.9 S6 S6 S1 S8 1.000 0.983 0.939 1.000 1.000 0.984 
4.10 S8 S8 S1 S4 0.999 0.969 0.973 0.980 0.969 0.978 
4.11 S8 S8 S1 S6 1.000 1.000 0.989 1.000 1.000 0.998 
4.12 S8 S8 S4 S6 1.000 1.000 1.000 1.000 1.000 1.000 

5 

5.1 S1 S4 S4 S6 1.000 1.000 0.990 1.000 0.979 0.994 

0.987 

5.2 S1 S4 S4 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.3 S1 S6 S6 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.4 S4 S1 S1 S6 1.000 0.998 1.000 0.999 1.000 0.999 
5.5 S4 S6 S6 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.6 S4 S1 S1 S8 0.998 0.998 1.000 0.999 1.000 0.999 
5.7 S6 S1 S1 S4 1.000 1.000 1.000 1.000 1.000 1.000 
5.8 S6 S4 S4 S8 0.985 0.963 1.000 0.913 0.921 0.956 
5.9 S6 S1 S1 S8 0.981 0.999 1.000 0.982 1.000 0.992 
5.10 S8 S1 S1 S4 0.959 0.838 0.855 0.890 0.886 0.886 
5.11 S8 S1 S1 S6 0.883 0.930 0.898 0.900 0.892 0.901 
5.12 S8 S4 S4 S6 1.000 1.000 1.000 1.000 1.000 1.000 
5.13 S1 S6 S4 S6 1.000 1.000 1.000 1.000 1.000 1.000 
5.14 S1 S8 S4 S8 1.000 1.000 0.997 1.000 0.975 0.994 
5.15 S1 S8 S6 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.16 S4 S6 S1 S6 1.000 1.000 1.000 1.000 1.000 1.000 
5.17 S4 S8 S6 S8 1.000 1.000 1.000 0.990 0.998 0.998 
5.18 S4 S8 S1 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.19 S6 S4 S1 S4 1.000 0.999 1.000 1.000 1.000 1.000 
5.20 S6 S8 S4 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.21 S6 S8 S1 S8 1.000 1.000 1.000 1.000 1.000 1.000 
5.22 S8 S4 S1 S4 0.964 1.000 1.000 0.965 0.984 0.983 
5.23 S8 S6 S1 S6 0.974 0.991 0.973 0.979 0.974 0.978 
5.24 S8 S6 S4 S6 1.000 1.000 1.000 1.000 1.000 1.000 
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6.2.2 t-test Analysis for Dataset I Accuracy Results 

As each sub-case is a sample from all possible combinatorial 

occurrences, a statistical significance test is performed to eliminate the 

chance of achieving the results due to the choice of the states. In this study, 

pairwise comparisons were conducted using the t-test to evaluate the 

presence of statistically significant differences between the cases, and the 

results are summarized in Table 11. Each test is performed for case X vs. 

case Y, where X and Y are cases from the analysis performed. The t-test 

was conducted with a significance threshold of 0.05, meaning any p-value 

below this threshold would indicate a statistically significant difference 

between the results of the cases being compared. The ‘Result’ column 

shows 1 when there is a significant difference present and 0 when there is 

no significant difference present. The first four tests are designed to evaluate 

the benefit of model adaptation using target state(s). The results show that 

case 1 displayed a significant difference when compared with case 2, case 

3, case 4, and case 5 with p-values of 0.01103, 0.01165, 0.01250, and 

0.01122, respectively. Since these p-values are below the threshold of 0.05, 

it can be said that case 1 (no domain adaptation) is significantly different 

from cases 2 and 3 (single-state domain adaptation) and cases 4 and 5 (two-

state domain adaptation). These results validate that the achieved accuracy 

in the last columns of Table 11 is statistically higher for cases with domain 

adaptation. While a significant difference is visible when comparing the 

accuracy of case 1 with others, this difference is faded when comparing the 

performance of cases 2, 3, 4, and 5. Thus, to statistically validate the 

difference between the performance of other cases, the next three tests are 

Table 11 t-test analysis on results for dataset I 

Test 
No. 

Case p-value for  
X vs. Y Threshold Result 

Overall Mean Accuracy for 
X Y X Y 

1 Case 1 Case 2 0.01103 0.05 1 0.85 0.986 

2 Case 1 Case 3 0.01165 0.05 1 0.85 0.979 

3 Case 1 Case 4 0.0125 0.05 1 0.85 0.984 

4 Case 1 Case 5 0.01122 0.05 1 0.85 0.987 

5 Case 2 Case 3 0.59896 0.05 0 0.986 0.979 

6 Case 2 Case 4 0.9842 0.05 0 0.986 0.984 

7 Case 2 Case 5 0.97252 0.05 0 0.986 0.987 
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designed keeping case X = case 2, i.e., the proposed method. The p-values 

show that there is no significant difference between these cases. This 

highlights two important results. First, there is no significant benefit in 

performing domain adaptation using more than one target state. Second, 

there is no significant benefit in using different states for training the 

representation learning model and the state change detection model. Thus, 

the proposed method performs best from a practical perspective as it needs 

a minimal amount of data, i.e. data from only one state for training and one 

different state for adaptation. To further assess the effectiveness of the 

proposed method and validate the key observation from the t-test analysis, 

F1 score are used as evaluation metrics. 

Table 12 Table  F1 Score result for dataset I 
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1 

1.1 S1 S1 - - 0.874 0.876 0.876 0.881 0.883 0.878 

0.852 
1.2 S4 S4 - - 0.778 0.773 0.785 0.778 0.773 0.777 

1.3 S6 S6 - - 0.889 0.887 0.887 0.887 0.885 0.887 

1.4 S8 S8 - - 0.866 0.867 0.864 0.864 0.865 0.865 

2 

2.1 S1 S1 S4 - 0.976 0.976 0.975 0.942 0.976 0.976 

0.960 

2.2 S1 S1 S6 - 0.976 0.976 0.972 0.961 0.967 0.976 

2.3 S1 S1 S8 - 0.975 0.976 0.982 0.936 0.912 0.975 

2.4 S4 S4 S1 - 0.941 0.976 0.976 0.976 0.975 0.941 

2.5 S4 S4 S6 - 0.963 0.976 0.972 0.854 0.956 0.963 

2.6 S4 S4 S8 - 0.925 0.916 0.923 0.895 0.915 0.925 

2.7 S6 S6 S1 - 0.976 0.963 0.976 0.978 0.976 0.976 

2.8 S6 S6 S4 - 0.976 0.976 0.976 0.966 0.972 0.976 

2.9 S6 S6 S8 - 0.961 0.934 0.873 0.976 0.964 0.961 

2.1 S8 S8 S1 - 0.972 0.965 0.947 0.958 0.972 0.972 

2.11 S8 S8 S4 - 0.974 0.955 0.975 0.965 0.974 0.974 

2.12 S8 S8 S6 - 0.975 0.973 0.976 0.976 0.976 0.975 
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6.2.3 F1 Score Results for Dataset I 

Following the same methodology as for obtaining Table 10. The F1 

score for dataset I is shown in Table 12 for case 1 and case 2. In case 1 (no 

domain adaptation), the overall F1 score is approximately 85.2%. However, 

in the proposed method, where the observed state is used as the target state 

for domain adaptation, the F1 score increases to 96%. Based on these 

observations, from the t-test analysis and with the F1 Score, the other two 

datasets are evaluated for case 1 and case 2. 

6.3 Results for Dataset II and Dataset III 

Following the same methodology as for obtaining Table 10, Table 13 

presents the performance of dataset II. In case 1 (no domain adaptation), the 

overall accuracy is approximately 89.9%. However, in the proposed 

method, where the observed state is used as the target state for domain 

adaptation, the accuracy increases to 97.4%.  

Similarly, Table 14 presents the model's performance for dataset III. For 

dataset III as well, the proposed method, case 2, shows an improvement in 

performance compared to case 1. The proposed method has an overall 

accuracy of 98.4% compared to 96.6% for case 1.  

 

 
Table 13 Achieved average accuracy for cases in Dataset II 
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1 
1.1 S1 S1 - - 1.000 1.000 1.000 1.000 1.000 1.000 

0.899 1.2 S2 S2 - - 0.972 0.972 0.971 0.972 0.972 0.972 
1.3 S3 S3 - - 0.728 0.728 0.727 0.727 0.727 0.728 

2 

2.1 S1 S1 S2 - 1.000 0.999 0.999 1.000 0.998 0.999 

0.974 

2.2 S1 S1 S3 - 0.946 0.926 0.951 0.885 0.941 0.930 
2.3 S2 S2 S1 - 0.975 0.967 0.974 0.966 0.978 0.972 
2.4 S2 S2 S3 - 0.988 0.875 0.98 0.965 0.963 0.954 
2.5 S3 S3 S1 - 0.998 0.992 1.000 1.000 1.000 0.998 
2.6 S3 S3 S2 - 1.000 1.000 1.000 1.000 1.000 1.000 
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6.4 Analysis of Model Training Performance 

Model performance is validated using three real-life datasets, and 

variations in model training and its performance are illustrated in Figure 15, 

Figure 17 and Figure 16 for Dataset I, Dataset II, and Dataset III, 

respectively. For Case 1 with no domain adaptation, in each figure the loss 

function is represented by: 𝑇𝐿 = 𝑅𝐿 = ∑𝑗
𝑚𝑎||𝑠𝑎𝑗 − 𝑠̂𝑎𝑗||   . The early 

convergence of the loss function suggests that, without domain adaptation, 

the model learns only from the training data and struggles to generalize. In 

contrast, for Cases 2 and 3, which illustrate single target state domain 

adaptation, the loss function is modified and represented by 𝑇𝐿 =

  1 − 𝛼 𝑅𝐿 − 𝛼 𝑀𝐿). These plots demonstrate a more gradual decline in 

loss over more epochs, indicating enhanced learning. For Cases 4 and 5, 

 
Table 14 Achieved average accuracy for cases in Dataset III 
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1 
1.1 S1 S1 - - 0.932 0.929 0.928 0.928 0.93 0.929 

0.966 1.2 S2 S2 - - 0.968 0.968 0.968 0.968 0.969 0.968 
1.3 S3 S3 - - 1.000 1.000 1.000 1.000 1.000 1.000 

2 

2.1 S1 S1 S2 - 0.99 1.000 0.934 1.000 0.948 0.974 

0.986 

2.2 S1 S1 S3 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.3 S2 S2 S1 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.4 S2 S2 S3 - 0.939 0.954 0.842 0.948 0.971 0.931 
2.5 S3 S3 S1 - 1.000 1.000 1.000 1.000 1.000 1.000 
2.6 S3 S3 S2 - 0.997 1.000 1.000 1.000 1.000 0.999 

 

 
Figure 15 Comparison of model convergence with and without custom loss function 

(domain adaptation) for Dataset I 
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representing two target state domain adaptation, the loss function is 

represented by: 𝑇𝐿 =   1 − 𝛼 𝑅𝐿 − 𝛼 𝑀𝐿 + 𝑀𝐿1 + 𝑀𝐿2 , follows a similar 

trend, showing no significant difference in the rate of loss reduction when 

compared to single state adaptation. This suggests that while domain 

adaptation enhances model performance relative to no adaptation, 

increasing the number of target states does not provide a substantial 

additional benefit in reducing the overall loss. This observation of not 

having significant differences is further highlighted in t-test analysis in the 

manuscript. These observations are common to all three datasets. It is also 

important to note that while the model takes longer to converge, the 

increment in the number of epochs are still smaller, allowing for quicker 

training times. The effectiveness of integrating the MMD loss is validated 

using accuracy as a metric.  

 
Figure 16 Comparison of model convergence with and without custom loss function 

(domain adaptation) for Dataset III 
 

 

 

 

 

 
Figure 17 Comparison of model convergence with and without custom loss function 

(domain adaptation) for Dataset II 
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6.5 Impact of Data Quantity on Model Training 

Performance 

The results shown so far use data of time duration over 10 seconds 

(120000 values) for model training. While this time interval of 10 seconds 

can be considered small, further experiments are conducted to evaluate the 

performance of the proposed method under smaller time intervals, i.e. lesser 

data quantity. The following Table 15 compares the performance of the 

proposed method as described in  Table 10 of the manuscript across data 

quantities from 12000 points (10 secs) to 48000 points (4 secs). The 

performance is compared using metrics of accuracy and F1 score.  It could 

be clearly seen that the proposed model performs significantly better across 

all data quantities as compared to using the method without adaptation. 

While there is an expected reduction in the performance with a reduction in 

the data quantity within the proposed method, the accuracy at the lowest 

data quantity of 48000 points (4 secs) is more than 95%. This shows that 

even with less data for model training, the efficiency of state detection is 

maintained. 

The following observations could be made by comparing the performance 

across different datasets. Each dataset is different in terms of the equipment, 

sensor, sensor location, fault type, operating conditions, data sampling rate, 

etc. This represents a real-life scenario for developing digital twins using a 

bottom-up, scalable approach. The results highlight the variation in 

Table 15 The impact of data quantity used for model training on performance of the 
proposed approach 

Data 

Collection 

Time 

Interval 

Data 

Quantity 

for 

Training 

 Accuracy  F1 Score 

 
Case 1 

(No MMD) 

Case 2 

(Proposed) 

 
Case 1 

(No MMD) 

Case 2 

(Proposed) 

10 sec 120000  0.850 0.986    0.865   0.962 

8 sec 84000  0.874 0.969  0.859 0.954 

5 sec 60000  0.818 0.952  0.819 0.937 

4 sec 48000  0.808 0.951  0.827 0.934 
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performance due to these differences. For example, comparing case 1 across 

datasets I, II, and III, it can be observed that dataset II has the highest 

accuracy of 96.6% compared to 89.9% and 85% for III and I, respectively. 

However, using the proposed method (case 2), the achieved performance is 

more than 97.5% irrespective of the above factors as well as the state used 

for model training in the digital twin. Further, the proposed method allows 

the creation of stimulus-aware digital twins using only two states at the 

beginning of equipment operation. 
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Chapter 7 Benchmarking the Autoencoder Model 

In this chapter, we present a comprehensive comparison between the 

autoencoder model and the Wasserstein Generative Adversarial Network 

(WGAN). The chapter begins with a detailed literature review on GANs, 

followed by an introduction to their underlying principles and 

implementation techniques, and the challenges with traditional GANs. We 

then describe how WGANs were applied to address the objectives of our 

study. Currently, we have implemented WGANs without domain 

adaptation, as integrating domain adaptation into WGANs is a relatively 

new development that requires significant research and investigation. This 

will be considered for future scope. 

Thus, a comparative analysis of the results obtained from the WGANs 

without domain adaptation and the autoencoder model without domain 

adaptation is provided to highlight the strengths and limitations of WGANs 

7.1 Introduction to GANs 

Data-driven approaches have gained significant popularity in the field 

of equipment behavior monitoring due to their ability to utilize real-time 

data to predict and simulate system behavior. These methods, often based 

on machine learning algorithms, are particularly valuable because they can 

model complex systems without the need for explicit mathematical 

formulations. This is especially important in industries such as 

manufacturing, energy, and aerospace, where the dynamics of equipment 

are often nonlinear, highly interconnected, and difficult to describe using 

traditional physics-based models. The increasing complexity and volume of 

industrial data presents major challenges for conventional modeling 

techniques. In contrast, data-driven methods can effectively handle 

heterogeneous and high-dimensional datasets, enabling accurate and timely 

detection of equipment states. Furthermore, these approaches are adaptable 

and capable of learning from new data, which supports real-time 
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monitoring, early fault detection, and predictive maintenance. As a result, 

data-driven techniques are becoming essential tools for improving 

reliability, efficiency, and decision-making in modern industrial systems. 

In recent years, the application of machine learning techniques one-class 

support vector machines (SVM) [65] and support vector data description 

(SVDD) [66], has been widely used for health and condition monitoring. 

Xie et al. [67] used a data-driven approach and discussed applications of 

digital twins at different stages of a cutting tool’s life cycle. Peng et al. 

[68]proposed a digital twin model of the life cycle of the bearing, where the 

health states of the bearing are monitored. Luo et al. [61] have developed 

the digital twin for the CNC machine tool, where a multi-domain unified 

modeling technique of DT is established to map the physical and digital 

space for monitoring the health states and diagnosing faults. Luo et al. [69] 

also presented a DT for the CNC machine tool, which allows for precise 

prediction and monitoring of the machining state of a CNC machine tool, 

as well as real-time compensation of the workpiece's machining contour 

inaccuracy. Support vector machines (SVM) and Mult-kernel support 

vector machines are widely employed in detecting the bearing classification 

and different faulty states classifications[70], [71]. Many other machine-

learning techniques are widely used for the development of digital twins. 

[75]While the application of data-driven modeling is vast, the approaches 

are generally developed for specific equipment and for specific purposes, 

and they lack generalizability across different equipment and across 

different sensors. Production systems possess the complexity of changing 

machine states with time due to varied operational patterns, environmental 

conditions, as well as varied system configurations. To address 

generalization across such patterns, deep learning has seen significant 

success in detecting health states. [76], [77], [78] have summarized and 

discussed various deep learning techniques that can be used to detect the 

health states of the various rotating equipment such as gearboxes, bearings, 

and pumps. 
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In recent research, Advanced machine learning techniques, such as 

Traditional Generative Adversarial Networks (GANs), Long Short-Term 

Memory-Fuzzy Synthesis (LSTM-FS), GAN-based Autoencoders (GAN-

AE), and traditional Autoencoders, are widely used for learning and 

modeling complex data behaviours. These methods excel at automatically 

extracting meaningful features, identifying intricate patterns, and capturing 

underlying data distributions.  

Although the concept of the GAN is exciting and promises many novel 

applications, it is very difficult to train a GAN model. In some cases, the 

loss of the generator and discriminator may exhibit an oscillating pattern, 

rather than converging to some value over the course of the training. Due to 

this oscillating loss problem, the model parameters do not stabilize, and the 

model does not provide good output. Mode collapse is another common 

challenge in GAN training, which occurs when the generator settles itself 

into generating a small number of similar outputs. In this case, the generator 

might make the discriminator believe the output is real output, but the 

generator is not able to generate a real-data distribution, which is more 

diverse and complex, rather than the limited set it generates when mode 

collapse occurs. Additionally, Vanishing gradient is a phenomenon in GAN 

training where the generator receives gradients that are too small to 

effectively update its weights. This often occurs when the discriminator 

becomes highly accurate at distinguishing between real and generated data 

early in the training process. As the discriminator’s output becomes highly 

confident, the gradients passed back to the generator diminish, resulting in 

minimal updates and a stagnation or divergence of the generator's loss, 

commonly referred to as generator saturation. 

To provide stable GAN training, several approaches have been proposed 

over the past few years. WGAN (WGAN) [109], [110], which proved 

efficient in many complex GAN applications. WGANs are especially useful 

for anomaly detection, predictive modeling, and state recognition across 

various domains. They have broad applicability in real-world scenarios, 
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particularly in complex production systems where data is collected in 

diverse forms and from multiple sources. In many cases, especially in 

manufacturing environments, there is a significant imbalance in the 

availability of data. Large volumes of data can be collected during normal 

or healthy operating conditions, while data from rare or faulty states is often 

limited or unavailable. WGANs address this challenge by generating 

realistic synthetic data, making them particularly valuable for augmenting 

datasets where rare conditions are underrepresented. As a result, WGANs 

have become one of the most widely used algorithms for processing both 

numerical and visual data in applications such as system monitoring, 

predictive maintenance, and digital twin development within industrial 

production systems. 

In this work, we describe how WGANs were applied to address the specific 

objectives of our study. Finally, a comparative analysis of the results 

obtained from the WGANs and the autoencoder model is provided to 

highlight the strengths and limitations of WGANs. WGANs hold the 

potential to tackle the challenges of data scarcity and unsupervised learning, 

making them a promising candidate for the generalized and autonomous 

modeling of equipment behavior. Generative Adversarial Networks 

(WGANs) were first introduced as a novel framework for estimating 

generative models through an adversarial training process. The WGANs are 

unsupervised generative models that automatically locate the data 

distribution. In this framework, two models are trained simultaneously: a 

generator 𝐺 is a type of neural network, a convolutional network, that aims 

to capture the underlying data distribution and is responsible for generating 

the data, while another type of network, a deconvolutional network, is the 

discriminator 𝐷 That attempts to differentiate between real data samples and 

those produced by 𝐺. The generator's task is to create data that closely 

resembles the actual dataset, while the discriminator assesses the 

authenticity of the samples, predicting whether a given instance comes from 

the true data distribution or the generator. 



65 
 

In the traditional GANs that use the Jensen-Shannon (JS) divergence to 

measure the difference between the real and generated data distributions, 

WGAN employs the Earth-Mover (Wasserstein-1) distance, which provides 

a smoother and more meaningful loss metric even when the supports of the 

distributions do not overlap. 

The generator 𝐺is responsible for producing synthetic data samples by 

transforming random noise vectors 𝑧, drawn from a prior distribution like 

(uniform or Gaussian) 𝑃    , into data space samples that ideally resemble 

those from the real data space as 𝐺 𝑧; 𝜃𝑔 . Instead of a traditional 

discriminator, the framework includes the critic function, 𝑓𝑤, parameterized 

by 𝑤, which assigns real-valued scores rather than probabilities. This critic 

estimated the Wasserstein distance between the real data and generated 

distributions. 

The 𝐺 and 𝑓𝑤 play the following two-player minimax game with value 

function 𝑊(𝑃𝑔, ℙ𝑔) = 𝑠𝑢𝑝||𝑓||𝑙≤1 𝔼𝑠𝑎𝑗~ℙ𝑟[f( z ) − 𝔼𝑟~𝑝   [f(G z )] 

||𝑓||𝐿 ≤ 1 

Where 𝑓 is a 1-Lipschitz function. 

The generator loss is −𝔼𝑟~𝑝   [f(G z )] . Where 𝑃𝑔 is real data distribution 

the data from the actual training samples. While ℙ𝑔 represents the distribution 

of generated samples G z . 

7.2 Implementation of WGANs 

In a complex production system, changes in state can occur due to various 

factors such as operating parameters, environmental influences, and 

equipment health. This study aims to establish a stimulus-aware capability 

for the digital twin of the equipment, allowing it to begin learning from the 

moment it is put into use. This study aims to establish a stimulus-aware 

capability for the digital twin of the equipment, allowing it to begin learning 

from the moment it is put into use. The framework consists of two phases: 
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a training phase followed by a detection phase. Since our proposed method 

focuses on developing the stimulus-aware digital twin right from the start 

of the equipment's operation, two key factors must be considered during 

validation: 1) minimal data availability for training, and 2) the potential 

occurrence of any operating state during training. The Schematic training 

Pipeline is shown in Figure 18, which is a combination of two phases. The 

two phases of this framework are as follows: 

7.2.1 Training Phase 

The framework is an unsupervised 3D convolutional WGANs used 

for the training phase for pattern learning. The WGANs are unsupervised 

feed-forward neural networks that contain an input layer, multiple hidden 

layers, and an output layer. The framework consists of two modules: a 

generator and a discriminator. WGANs consist of two modules: a generator 

and a discriminator. In this study, the encoder, and decoder, are represented 

by G and D respectively. The state used for the training of the model is 

represented by 𝑆𝑎 and the state used for testing the model is represented by 

𝑆𝑏.The generator 𝐺is responsible for producing synthetic data samples by 

transforming random noise vectors 𝑧, drawn from a prior distribution like 

(uniform or Gaussian) 𝑃    , into data space samples that ideally resemble 

 
Figure 18 Schematic Training Pipeline For WGANs 
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those from the real data space as 𝐺 𝑧; 𝜃𝑔 . The 𝐺 and 𝑓𝑤 play the following 

two-player minimax game with value function   

𝑊(𝑆𝑎, ℙ𝑔) = 𝑠𝑢𝑝||𝑓||𝑙≤1𝔼𝑠𝑎𝑗~ℙ𝑟[f( z ) − 𝔼𝑟~𝑝   [f(G z )] 

||𝑓||𝐿 ≤ 1 

Where 𝑓 is a 1-Lipschitz function. The generator loss is −𝔼𝑟~𝑝   [f(G z )]. 

Where 𝑆𝑎 is real data distribution the data from the actual training samples. While 

ℙ𝑔 represents the distribution of generated samples G z . Once training is 

complete, the generator learns to produce samples that mimic real data well 

enough to minimize the adversarial loss. To validate the performance of the 

trained model, we assess how well it generates synthetic data that closely 

replicates the behavior of the real data. This assessment is conducted using 

Fast Fourier Transform (FFT), as well as analyses in both the time and 

frequency domains. Based on these promising results, we moved forward 

with deploying the trained algorithm for state detection across multiple 

states using a reconstruction-error-based approach.  

7.2.2 Detection Phase  

To carry out the state detection, we calculate the reconstruction error for 

each input sample by measuring the mean squared error between the 

original state input data and the synthetic data. The loss can be represented 

by: 

                                     𝑅𝐸 = ∑𝑗
𝑚𝑎||𝑠𝑎𝑗 − G z ||  .  

After calculating the reconstruction error using the training data, a threshold 

is defined by calculating the mean of its reconstruction errors and then 

adding three times the standard deviation. This statistical formula is based 

on the three-sigma rule, which assumes that for a normally distributed 

variable, nearly all (about 99.7%) of the data points fall within three 

standard deviations from the mean. These training data points will mostly 

lie within this range, and any data point with a reconstruction error 
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exceeding this threshold is considered a separate state relative to that 

particular state. For detection, this threshold is then tested against the 

reconstruction errors of all other states. For each test state, the number of 

data points with errors above the threshold is counted and divided by the 

total number of points in that state. This results in a detection accuracy 

score, which reflects how different the test state is compared to the training 

(threshold-setting) state. A high accuracy implies that many points in the 

test state exceeded the threshold and are thus detected as separate state 

samples. Conversely, a low accuracy suggests that the test state is similar to 

the training state. 

7.3 Results and Discussion 

In a complex production system, such as the production systems 

described in Figure 3, a change in state can arise from various factors, 

including operating parameters, environmental factors, equipment health, 

etc. To assess the performance of the autoencoder model, we created several 

cases, as outlined in Table 8. Furthermore, to benchmark the autoencoder 

model's performance without domain adaptation (case 1) is compared with 

a Generative Adversarial Network (WGAN). 

Table 16 WGANs Results for Dataset I 
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1.1 S1 S1 - 0.01 0.01 0.99 1.00 1.00 1.00 1.00 1.00 0.751  

1.2 S4 S4 0.03 0.02 - 0.99 0.01 0.49 1.00 1.00 1.00 0.567  

1.3 S6 S6 0.01 0.01 0.32 0.00 0.02 - 0.79 0.72 0.97 0.355  

1.4 S8 S8 0.02 0.01 0.01 0.01 0.00 0.32 0.01 - 0.00 0.047  
  Mean 0.430  

    St. Dev. 0.302  
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A similar validation methodology is applied to the WGANs methodology. 

However, only the first case was considered, as domain adaptation 

techniques are not employed in the WGANs approach. Furthermore, unlike 

the autoencoder model, which utilizes a PCA-based method for threshold 

setting and state change detection, the WGANs model relies on the three-

sigma statistical method for state change detection. Each of the states is 

represented by 181 samples, with each sample having 12,000 data points. 

For this case, out of the nine possible states for training only four states (S1, 

S4, S6, S8) are sampled for performance evaluation, forming four subcases. 

Both the WGANs training and the threshold for detection are determined 

using the same state. The third column of Table 16 lists these subcases under 

case 1, while the fourth and fifth columns represent the state used for 

modeling. The sixth column of Table 16 represents the model's accuracy in 

detecting the specified test state. The last column of Table 16 shows the 

average accuracy for each subcase across all test states. It is important to 

note that while only one state is used for training, all other states are 

employed for testing. The trained GANs generator module produces 

synthetic data, which is then compared with the actual test state data to 

compute the reconstruction error. The reconstruction error from the training 

state is subsequently passed through the three-sigma method to determine 

the detection threshold. 

We have compared the learning of the autoencoder model with that of the 

WGANs model by evaluating how well each learns the behavior of the data 

using four parameters. 

➢ Fast Fourier Transform: The FFT (Fast Fourier Transform) of real 

training data is compared with the FFT of generated data (using 

WGANs) and the FFT of reconstructed data (using the autoencoder 

model). 

➢ Time domain analysis: Time domain analysis of real training data is 

compared with time domain analysis of generated data (using 
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WGANs) and time domain analysis of reconstructed data (using the 

autoencoder model). 

➢ Based on the Representation: Reconstruction error (using WGANs) 

is compared with the encoding representation (using the 

autoencoder Model). 

➢  Accuracy: Additionally, the performance of the WGAN model is 

also compared with the autoencoder model. 

For example, in subcase 1.1, the WGANs model is trained on state S1. All 

states are then passed through the generator module of the trained WGANs 

model to generate synthetic data. The reconstruction error is calculated for 

each state as the mean squared error (MSE) between the real state data and 

the corresponding data generated by the model. The threshold is determined 

based on the reconstruction errors of the training state, using the 3-sigma 

method. 

For example, in subcase 1.1, the pattern learning capability of both models 

is analyzed by comparing the Fast Fourier Transform (FFT) plots, time-

domain signals, and the visualizations of reconstruction error and encoded 

representations, as illustrated in Figure 19. The goal is to evaluate how 

effectively the model learns and replicates the statistical and temporal 

characteristics of the real training vibration signals. The FFT plot (a) is of 

real training data shown in Figure 19, revealing distinct amplitude peaks at 

certain frequencies, indicating the presence of dominant periodic 

components that are characteristic of S1 vibration signals. The FFT of the 

generated data using GANs is shown in plot (b), which represents a nearly 

flat spectrum with very low amplitude and no prominent frequency 

components, suggesting that the model fails to capture the underlying 

frequency characteristics of the real data. While the plot (c) shows the FFT 

plot of reconstructed data constructed by the autoencoder model, closely 

mirroring the amplitude peaks of the real training data. This spectral 

similarity indicates that the autoencoder has effectively learned the 

frequency distribution of the real signal, which strongly suggests that the 
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model can produce realistic reconstructed vibration data peaks, though the 

amplitudes may be slightly lower. This spectral similarity suggests that the 

 
Figure 19 FFT Trend comparison between (a) Real Training Data, (b) Generated data 

using the WGANs, (c) Reconstructed data using the Autoencoder Model 
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autoencoder has successfully learned the frequency distribution of the real 

 
Figure 20 Time Domain Analysis Trend between the (a) Real Training Data, (b) 

Generated data using WGANs and (c) Reconstructed data using Autoencoder Model 
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signal, which is a strong indicator of the model’s ability to produce realistic 

reconstructed vibration data. Figure 20 shows the time domain analysis, 

where plot (a) represents the real training data, showing a signal centered 

around zero with consistent amplitude and typical noise patterns. The plot 

(b) shows the time domain analysis of data that is generated using the 

WGANs model, which struggles with consistent variability across the 

sequence, which potentially indicates the problem of model collapse and 

training instability. 

While the autoencoder model is capable of constructing data with similar 

patterns, indicating that the autoencoder has effectively learned the complex 

patterns from the intricate manufacturing data shown with plot (c). The 

reconstructed data using the autoencoder appears to be more aligned with 

the real training data compared to the data generated using WGANs. While 

both the WGAN-generated and autoencoder-reconstructed data attempt to 

replicate the characteristics of the original signal, the reconstructed data 

maintains a more consistent amplitude distribution and structural pattern 

throughout the time series. In contrast, the WGAN-generated data shows 

noticeable irregularities, particularly a reduction in amplitude variability 

and dynamic range in the latter half of the series, which suggests instability 

in the generation process. 

Following the training of WGANs, the reconstruction error is plotted is 

shown with plot (a) of Figure 21. The reconstruction error for each state 

sample reveals how different samples deviate in terms of reconstruction 

quality. We have observed that some state samples exhibit significantly 

higher reconstruction errors, indicating they are likely different states. 

These deviations validate the model’s ability to detect a shift in data 

distribution, effectively identifying different operational states. However, 

some sample groups, despite belonging to different states, show 

overlapping or similar reconstruction error levels, which implies that the 

model struggles to distinguish between certain states. This overlap creates 

a challenge in clearly classifying all states. 
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However, in the autoencoder model, the latent representations are generated 

using the encoder module. These latent representations are passed to the 

PCA model trained on the same state, S1. The PCA transforms the latent 

representation of each state into a lower dimension. The top principal 

component for each state for the given samples is shown with plot (b) of  

Figure 21. From the perspective of state change detection, the figure 

illustrates that some encodings exhibit separation, indicating that the model 

has effectively learned the features necessary to differentiate between the 

states. However, some state encodings are overlapping, suggesting that the 

model may face difficulties in differentiating these states.  

The accuracy for Dataset I is presented in Table 16. The first column of the 

table represents the methodology used. The third column of lists these 

subcases under case 1, while the fourth and fifth columns represent the state 

used for modeling. The sixth column of Table 16 represents the model's 

 
Figure 21 (a) Reconstruction error calculated using WGANs vs Encodings Generated 

using Autoencoder 
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accuracy in detecting the specified test state. The last column of Table 16 

shows the average accuracy for each subcase across all test states. For 

instance, in case 1.2, the achieved accuracy for detecting S6 in subcase 1.2 

is 0.49, which means the model in subcase 1.2 can detect state S6 with a 49 

% accuracy. Thus, for case 1.2, the average accuracy with which the model 

can detect all states is 56.7%, as given in the last column. presents the 

overall result for dataset I calculated using the WGANs and Autoencoder 

Model, which comprises four subcases, and where each sub-case is repeated 

five times to calculate the mean accuracy. This repetition helps evaluate the 

model's stability and consistency in detecting states. The second last column 

of the table displays the average accuracy of five repeated evaluations for 

each subcase. The table's last column shows the model's overall mean 

accuracy for each case. The overall mean accuracy calculated using the 

WGANs for case 1 in dataset I, is 43.9%. Table 17 presents the overall result 

for dataset I calculated using the WGANs and Autoencoder Model, which 

comprises four subcases, and where each sub-case is repeated five times to 

calculate the mean accuracy, as explained in Table 16. The second last 

column of the table displays the average accuracy of five repeated 

evaluations for each subcase. The table's last column shows the model's 

Table 17 Accuracy Analysis for Dataset I using WGANs and Autoencoders 
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overall mean accuracy for each case. The overall mean accuracy calculated 

using the GANs for case 1 in dataset I, is 43.9%.While the autoencoder 

model resulted in a significant improvement in the model's performance 

compared to the WGANs method. The overall mean accuracy of the 

autoencoder model is around 85 % shown in Table 17 . 

7.4 Results Analysis for Dataset II and Dataset III 

Using the same methodology as for obtaining results in Table 17. Table 18 

presents the overall accuracy comparison between the WGANs and the 

Autoencoder model for Dataset II. The overall accuracy using WGANs is 

Table 18 Accuracy  Analysis of WGANs and Autoencoders on Dataset II 
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1.2 S2 S2 0.972 0.972 0.971 0.972 0.972 0.972  

1.3 S3 S3 0.728 0.728 0.727 0.727 0.727 0.728  

 

Table 19 Accuracy Analysis of WGANs and Autoencoders on Dataset III 
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1.2 S2 S2 0.968 0.968 0.968 0.968 0.969 0.968  

1.3 S3 S3 1 1 1 1 1 1  
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approximately 59.5%. However, with the autoencoder model, the accuracy 

is increased to 89.9%. The model's performance for dataset III is presented 

similarly in Table 19. For this dataset, the autoencoder method demonstrates 

a significant improvement compared to the WGANs model, achieving an 

overall accuracy of 96.6% compared to 46.2% with WGANs. 

7.5 Challenges Faced by the WGANs Models 

1. Manufacturing data often includes multivariate time-series signals, 

high-frequency sensor readings, and various interdependent 

variables. The GAN model struggles to capture the intricate 

temporal and spatial relationships within this data. As reflected in 

the FFT analysis, the generator fails to replicate the spectral 

properties of the real data, indicating its inability to learn complex 

patterns effectively. 

2. Models trained on one dataset do not generalize well to others, even 

when using unsupervised learning. This suggests that the GAN is 

overfitting to specific data distributions and lacks the robustness 

required to handle variability between different machines, 

production lines, or operational modes. 

3. GANs inherently require large volumes of diverse data to generate 

realistic outputs. However, in real-world manufacturing 

environments, data scarcity is a common issue especially for rare 

events such as faults or anomalies. The model's performance 

significantly degrades with limited data, making it unsuitable for 

domains where comprehensive data collection is impractical. 

4. Even with the integration of the Wasserstein loss function, which is 

designed to mitigate training instability and mode collapse, these 

issues continue to occur. The generator frequently produces 

repetitive or uniform outputs, indicating it has collapsed to a narrow 

subset of the data distribution.  
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Chapter 8 Exemplary Use Case of Proposed Work in 

Real Life 

Digital twin technology is rapidly transforming production 

economics by enabling real-time decision-making. It plays a crucial role in 

various aspects of production management, including production planning 

and control[111], fault detection and diagnosis[112], condition 

monitoring[61], predictive maintenance, and asset management[113]. The 

first and most crucial step in decision-making within this process is ensuring 

that the digital twin is stimulus-aware, meaning it must have an 

understanding of the state in which it exists. Without accurate real-time 

awareness of its environment, it becomes very difficult to effectively 

support decision-making for production planning, scheduling, condition 

monitoring, predictive maintenance, or asset management. This 

foundational capability enables the digital twin to respond dynamically to 

changes, optimize processes, and drive intelligent automation. The 

developed algorithm enables real-time state detection in a digital twin, 

starting from the very beginning of production (t = 0). The methodology 

consists of four phases: the training phase, the testing phase, the adaptation 

phase, and the deployment phase. The adaptation phase is particularly 

important, as it involves crucial decisions made by the manager. During this 

phase, the manager utilizes the detected state information for domain 

adaptation. After adaptation, it is deployed for the upcoming state detection. 

Figure 22 shows the state detection of a digital twin from t = 0 to its 

operational. The y-axis shows the different states that the digital twin has 

changed, while the x-axis represents time. For instance, let’s consider a 

machine that is producing part 𝑄1, in various batches that include three 

states: operation 1, operation 2, and operation 3, shown in  Figure 22. By 

utilizing real-time state detection, this methodology enables the manager to 

accurately determine the exact production time for product 𝑄1. 

Additionally, the proposed method tracks state changes during production 
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by capturing when each state transition occurs and how long the process 

remains in each state. This methodology provides an overall view of the 

equipment's behavior from the start (t = 0) until it reaches its operating 

condition, which is crucial for analyzing machine performance and 

degradation over time. When a machine starts to slow down, managers can 

take immediate action to address the issue. The novelty of this methodology 

lies in its scalability; the same approach can be applied to different machines 

and across various sensors, regardless of their location. Additionally, the 

developed methodology for creating a stimulus-aware digital twin includes 

an updating capability that can be improved over time. When the initial 

model fails to detect a state or demonstrates low accuracy in state detection, 

a human intervenes to label the model and clarify the specific state. This 

process allows the model to gain knowledge about the state, enabling it to 

detect the same state accurately in the future. In modern manufacturing, 

even slight variations in machine performance can indicate potential issues. 

Identifying these changes early enables managers to make informed 

decisions, avoid costly breakdowns, enhance efficiency, and improve 

production planning. In the scenario shown in  Figure 22 where, a piece of 

equipment typically remains in a specific state that is operation 3 for 20 

seconds during batch 1 production. In the next batch, this duration increases 

to 23 seconds, an increase with time that might seem insignificant. 

However, if the duration continues to rise to 25 seconds and beyond, and 

the efficiency and quality of production also get degraded, it becomes a 

clear sign of inefficiency or potential wear. At this point, managers can take 

real-time action by either pausing the process for further investigation or 

sending the machine for maintenance before a more severe failure occurs. 

Once maintenance is performed, the root cause of the increased duration 

can be identified, along with the number of parts produced before the issue 

arose and the amount of increase in the cycle time.  
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By incorporating this data into the digital twin model, future deviations can 

be more accurately analysed. Instead of automatically sending the machine 

for maintenance, managers can address the exact issue directly, preventing 

unnecessary downtime and improving production economics. This 

proactive approach enhances production planning by allowing managers to 

make smarter, data-driven, real-time decisions, ultimately reducing 

operational costs and improving delivery timelines. With real-time state 

detection, managers can ensure a more efficient, cost-effective, and robust 

production process. This proactive approach enhances production planning 

by allowing managers to make smarter, data-driven, real-time decisions, 

ultimately reducing operational costs and improving delivery timelines. 

With real-time state detection, managers can ensure a more efficient, cost-

effective, and robust production process. Whenever the states change, 

accurate detection within less time becomes essential for effective decision-

making in production planning, scheduling, condition monitoring, 

predictive maintenance, and asset management. However, a trade-off exists 

between how much data should be considered for calculating the deviation 

Table 20 Sample Product Description 
Product ID Comprising states (in sequence of occurrence) 

1 S5 S4 S6 S8 

2 S6 S9 S8 S5 

3 S7 S3 S4 S2 

4 S1 S2 S7 S6 

 

 
Figure 22 Illustration of stimulus-aware digital twins 
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metric for comparison against the threshold. The more data is used, the 

longer it takes to detect the state change. On the other hand, using less data 

can lead to errors in state change detection, decreasing the performance and 

reliability of the method. To evaluate the impact of data quantity on state 

change detection performance, a new set of experiments has been designed 

that simulate time-series behaviour similar to real-life production 

environments. Figure 23 describes the concept of state and state change and 

its use to describe a job and further to describe a schedule. A job is described 

as a pattern of state changes, and a schedule is a repeating pattern of jobs. It 

becomes important to detect the change of state as soon as it occurs for 

accurate modeling of the digital twin. The following Table 20 shows sample 

products considering various states in the sequence of occurrence. For 

example, Product 1 can be represented as an occurrence of states in a 

sequence of S5, S4, S6, S8, with each state existing for a given time duration. 

In the proposed architecture, during the detection step, if the T2 metric 

remains above the threshold for a certain number of samples corresponding 

to a detection time 𝑡𝑑, a change in state is declared. Experiments are 

conducted to evaluate the impact of this detection time 𝑡𝑑 (corresponding to 

 
Figure 23 Concept of State Change used to Describe the Job and Schedule 
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different data quantity) in the detection step. As shown in Table 21, four 

values of detection times are evaluated: 2.21 seconds, 3.31 seconds, 4.42 

seconds, and 5.52 seconds. For performance evaluation, the detected 

number of state changes is compared with the actual number of state 

changes in the job. The following table compares the performance of the 

proposed approach under the four levels of detection time for a Product ID.  

The results show the proposed approach's robustness in terms of state 

change detection accuracy across reductions in detection time. Without 

using domain adaptation, it can be observed that the state change detection 

percentage improves with an increase in the detection time (and thus data 

quantity). However, the proposed approach shows a superior performance 

for a small detection time of 2.2 seconds.  

Table 21 Impact of data quantity used for detection on performance of the proposed 
approach for a sample product 
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Case 1 (No MMD) Case 2 (Proposed) 

Detected 

State 

Changes 

Detection 

Percentage 

Detected 

State 

Changes 

Detection 

Percentage 

1 

5.52 3 3 100 3 100 

4.42 3 2 66.67 3 100 

3.31 3 2 66.67 3 100 

2.21 3 1 33.33 3 100 

 

Figure 24 Visualization of state change detection performance for a detection time of 
2.2 seconds for a sample product 1 
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Figure 24 illustrates the example further. Further, the experiments are 

repeated using the detection time of 2.2 seconds for multiple products and 

multiple training states to evaluate the robustness, and are shown in  Table 

23. The proposed approach is able to showcase a superior performance of 

88.9% detection percentage compared to 30.6% without using domain 

adaptation across variation in training states, as well as the type of products. 

This further shows that even with less data for detection, as well, the 

efficiency of state detection is maintained. This efficient state detection can 

be highly beneficial for production monitoring, which is very essential for 

effective management of production and resources, as well as improving 

planning. The integration of state change detection with the production 

monitoring use case allows for timely monitoring of shop floor performance 

by managers and operators. It allows the shop floor managers to have a 

synchronized status view of the shop floor with enhanced insights about the 

asset states and condition, ease of deployment through scalability and 

reduced costs, and opportunity to take quick actions possible with the 

requirement of less data. State detection facilitates the overall monitoring 

of equipment behavior, enabling the tracking of various metrics, such as the 

time required to manufacture a specific product and the average cycle time. 

We believe this approach is a vital component of Industry 4.0-driven 

production economics. To show the production monitoring use case, the 

time-series behavior of real-life production is created. Figure 23 describes 

the concept of state and state change and its use to describe a job and further 

Table 22 Sample Product Description 

Product ID Comprising states (in sequence of occurrence) 
Cycle 

Time (s) 

1 S5 S4 S6 S8 40 

2 S6 S9 S8 S5 40 

3 S7 S3 S4 S2 40 

4 S1 S2 S7 S6 40 
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to describe a production schedule. A job is described as a pattern of state 

changes, and a schedule is a repeating pattern of jobs. It becomes important 

to detect the state change as soon as it occurs for accurate modeling of the 

digital twin. The objective of the use case is to effectively capture the true 

cycle time of jobs in a production schedule. This would allow production 

managers to monitor shopfloor production for better estimation of 

production capacity and delivery times. Table 22 shows the products 

considering various states, representing various operations, in the sequence 

of occurrence that would be used in the use case. For example, Product 1 

can be represented as an occurrence of states in a sequence of S5, S4, S6, and 

Table 24 Comparison of Makespan estimation for production schedules 

Production 
Schedule 

(Product IDs) 

True 
Makespan 

(s) 

Case 1 (No MMD) Case 2 (Proposed) 

Estimated 
Makespan 

(s) 

Estimation 
Error (s) 

Estimated 
Makespan 

(s) 

Estimation 
Error (s) 

[1, 4, 1, 1, 1, 4] 240 397.6 157.6 280 40 

[3, 4, 3, 4, 4, 3] 240 310 70 260 20 

 

Table 23 Performance comparison of the proposed approach for a detection time of 
2.2 seconds across varying products and varying training states. 
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 Case 1 (No MMD) Case 2 (Proposed) 

Detected 

State Changes 

Detection 

Percentage 

Detected 

State Changes 

Detection 

Percentage 

S1 

1 3 1 66.67 2 66.67 

2 3 3 0 3 100 

3 3 1 66.67 3 100 

4 3 2 33.33 2 66.67 

S8 

1 3 3 0 3 100 

2 3 2 33.33 3 100 

3 3 2 33.33 4 66.67 

4 3 2 33.33 3 100 

S6 

  

1 3 3 0 3 100 

2 3 1 66.67 3 100 

3 3 3 0 3 100 

4 3 2 33.33 2 66.67 

 Average 30.56 Average 88.89 
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S8, with each state existing for a given time duration. In the following table, 

Column 1 represents the Product ID, which is the unique name for each 

product. The remaining column represents the operating states through 

which each specific product is produced. Each job is a combination of these 

different operating states; for example, S7 operates at 400 RPM and a 2-kW 

load when the equipment is in healthy condition. Dataset I is used in this 

use case. Each product is given a true cycle time of 40 seconds, distributed 

equally for each state. Table 25 presents the results comparing the estimated 

cycle time for each product under different training states for the proposed 

approach vs. without using domain adaptation. It can be noted that for each 

product under each scenario, the proposed method produces a better or on-

par estimate of the cycle time. The average error for the proposed method 

is 4.43 seconds (11%) compared to 13.45 seconds (33.6%). The proposed 

method also shows much less variation in the estimation across products, as 

can be seen through the standard deviation. This shows the superiority of 

the proposed method in the realistic estimation of product cycle time using 

Table 25 Comparison of Cycle Time Estimation across products and training states 

Training 
State 

Product 
ID 

True 
Product 
Cycle 

Time (s) 

Case 1 (No MMD) Case 2 (Proposed) 
Estimated 

Cycle Time 
(s) 

Estimation 
Error (s) 

Estimated 
Cycle 

Time (s) 

Estimation 
Error (s) 

S1 

1 40 70 30 50 10 

2 40 40 0 40 0 

3 40 60 20 40 0 

4 40 60.22 20.22 40 0 

S8 

1 40 40 0 40 0 

2 40 51.71 11.71 50 10 

3 40 50 10 50 10 

4 40 66.68 26.68 50 10 

S6 
  

1 40 43.53 3.53 40 0 

2 40 69.32 29.32 42.1 2.1 

3 40 40 0 40 0 

4 40 50 10 50 10 

Mean 53.45 13.45 44.34 4.34 

Std. Dev.   11.51   5.03 
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minimal data. These errors per product can further accumulate over 

production schedules, impacting the production completion time estimation 

or makespan estimation. Further, two production schedules have been 

defined, as shown in Table 24. The first job in each production schedule 

begins at time t = 0. The cycle time is defined as the completion time of the 

last job that is completed. The schedule was generated for six randomly 

selected products from the previous table. The cycle time and deviation in 

state detection were calculated in two scenarios: without domain adaptation 

and with the proposed method. The results show a similar performance 

compared to cycle time estimation. The proposed method shows a superior 

performance with an error of less than 17% compared to more than 30% for 

the method without domain adaptation against the true makespan for both 

production schedules.  Figure 25 illustrates the results further. This allows 

for a more realistic and accurate prediction of completion time for improved 

resource planning and management for the shop floor managers. 

 

 

 

 

 
Figure 25 Visualization of State change detection in a sample production schedule for 

makespan estimation 
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Chapter 9 Conclusion and Future Scope  

9.1 Conclusion 

The challenge of developing stimulus-aware digital twins for complex 

production systems is addressed in this work. A four-phase semi-

autonomous learning framework is proposed to create stimulus-aware 

digital twins of production equipment from the beginning of asset operation. 

An unsupervised 1D Convolutional Autoencoder with PCA-T2 is used for 

initial model training. Upon detection and validation of a new state, the 

model is adapted by using a novel implementation of a custom loss function 

to maximize the distribution discrepancy between the latent representation 

of these states. The proposed method is validated over three real-life 

datasets, including a newly created gearbox test rig dataset for this study. 

The datasets span over variation in equipment type, signal type, operating 

conditions, etc., representing the challenge of scalable creation of digital 

twins in real-life production scenarios. The validation study included 

conducting 84 experiments of model training and testing, repeated 5 times 

each, across different scenarios. The results observed a dependency of the 

performance of an autoencoder model without domain adaptation on the 

choice of the training state, as well as the equipment and its associated 

parameters, as expected. To further benchmark the performance of the 

autoencoder model learning, Generative Adversarial Networks (GANs) 

have also been explored. An additional 10 experiments were conducted 

across various scenarios, with each experiment repeated five times to assess 

the model's performance. The WGANs model is not performing well across 

all the datasets. However, the proposed method was able to achieve the 

performance of being able to detect a new state with an accuracy of more 

than 97.5%, irrespective of the equipment or the training state. Further, the 

proposed method allows the creation of stimulus-aware digital twins using 

only two states at the beginning of equipment operation. Such a scalable 

approach is expected to achieve generalized state detection and state 
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sustenance knowledge capability that form the fundamental requirement for 

realistic and robust prediction and simulation through the digital twin for 

enhanced decision-making. The ability of the approach to detect operational 

states beyond the heavily focused faulty states allows for effective modeling 

of production behavior critical to efficient planning of time, money, and 

resources, ultimately impacting production economics. 

9.2 Future Scope 

With the current findings as a stepping stone, several future research 

opportunities arise, such as: 

1. Future research can explore the development of a unified framework 

that integrates multiple types of observational data, numerical, 

visual (e.g., images or video), and textual (e.g., maintenance reports, 

operator logs). Such a multimodal approach could enhance the 

digital twin's ability to understand system states and anomalies by 

capturing diverse perspectives of the physical environment, 

especially in scenarios where numerical sensor data alone is 

insufficient or unavailable. 

2. In situations where sensor installation is impractical, such as in 

rotating or hard-to-reach machinery, future studies can focus on 

utilizing computer vision techniques for state detection and event 

recognition. This includes deploying cameras to monitor operational 

behavior and applying AI-based image analysis methods (e.g., 

object detection, motion analysis, thermal imaging) to extract 

meaningful insights for digital twin updates and predictive 

maintenance. 

3. Further research can be explored to enable autonomous learning for 

the developed model based on the detected state. This study 

implemented domain adaptation right after the model made its 

detections, significantly enhancing the model's performance. Based 
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on this performance, humans will decide when to reapply domain 

adaptation to address any issues that arise. 

4. Additionally, we can explore some quantification methods to 

identify the accumulation of significant new information. This could 

help us automate the process of re-triggering domain adaptation 

during the operation of production equipment, further enhancing 

performance. Further integration of the role of human inputs in the 

development and maintenance of digital twins, especially when 

initial training performance is not acceptable, can be explored.  

5. The current methodology has been developed to create a stimulus-

aware digital twin capable of detecting changes in system state. 

However, further research is needed to classify the specific types of 

state changes, which would enable a deeper understanding of the 

underlying causes and improve diagnostic capabilities. 

6. While current methodologies equip digital twins with stimulus-

awareness, enabling them to perceive and respond to changes in 

their own states, they remain largely isolated in their interpretation 

of system-wide dynamics. A critical future direction lies in 

developing interaction-aware capabilities, where a digital twin can 

dynamically assess and interpret the influence of changes occurring 

in other interconnected twins. Such advancements would not only 

enable seamless information exchange but also give the way for 

intelligent, collaborative behavior across complex digital 

ecosystems. This shift from isolated perception to mutual awareness 

represents a foundational step toward fully autonomous and 

adaptive digital twin networks. 

It addresses key challenges in modern manufacturing, including the 

lack of system-wide visibility, delayed response to interdependent 

failures, and inefficient data silos. By facilitating seamless 

information flow and mutual context-awareness among machines, 
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systems, and processes, interaction-aware digital twins can drive the 

transition toward the autonomous, self-optimizing smart factories. 

7. The integration of domain adaptation into GANs required 

substantial research and investigation. In the current work, GANs 

have been applied without domain adaptation; however, future 

research could explore the impact of incorporating domain 

adaptation on model performance. 

8. Future work could involve validating the proposed approach with 

datasets that contain multiple simultaneous failure modes. This 

would help demonstrate the model’s effectiveness in more complex 

and realistic industrial scenarios. 
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